FormulaSPIN: Self-Play Fine-Tuning for Natural Language to Spreadsheet
Formula Generation

Abstract

Spreadsheet applications are used by hundreds
of millions worldwide, yet writing formulas
remains a significant barrier. Existing ap-
proaches rely on static supervised data, which
quickly saturates on limited annotations. In
this paper, we introduce FORMULASPIN, a
self-play framework that breaks the ceiling
of supervised fine-tuning by enabling itera-
tive self-improvement without any additional
data. Vanilla SPIN fails on this task: it uni-
formly penalizes every non-matching output,
so execution-equivalent alternatives are pushed
down as negatives in one example while serv-
ing as ground truth in another, producing con-
tradictory gradients. Our framework resolves
this by exploiting formula generation’s unique
advantage: binary executability provides im-
plicit supervision that separates semantic er-
rors from valid stylistic variants. We frame
training as a two-player game in which the
main player learns to prefer ground-truth for-
mulas over those from its previous version,
while execution feedback sorts outputs into dis-
tinct granularities—enabling an adaptive cur-
riculum that shifts from semantic correctness
to stylistic refinement. To further increase ac-
curacy, we incorporate ExecVote, a semantic-
level voting mechanism that naturally handles
multiple valid formulations. Experiments on
multiple benchmarks demonstrate that FORMU-
LASPIN achieves state-of-the-art performance,
with 74.9% exact match and 87.1% execution
accuracy on NL2ZFORMULA, matching mod-
els trained with additional preference annota-
tions while outperforming both traditional SFT
and frontier proprietary models. These findings
underscore self-play’s potential to tackle scarce
data tasks and open the door to extending it
beyond executable domains.

Code Implementation is available at https:

github.com/xTronzZ/FormulaSPIN.
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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, outper-
forming the SFT baseline by +6.7% EM (Exact Match)
/ +6.0% EA (Execution Accuracy) on NL2Formula-
70K and +5.7% EM / +6.8% EA on Sheetpedia, while
matching SFT-DPO trained with GPT-4.1-labeled pref-
erence pairs as well as strong proprietary models such
as Gemini-2.5-Pro and DeepSeek-R1.

1 Introduction

Spreadsheet applications like Microsoft Excel and
Google Sheets are ubiquitous tools for data analy-
sis, used by hundreds of millions worldwide. How-
ever, writing formulas remains a significant bar-
rier for many users, particularly when dealing
with complex operations involving multiple func-
tions, conditional logic, and cell references (Gul-
wani, 2011). Recent work addresses this via Nat-
ural Language to Formula (NL2Formula) genera-
tion—first systematically benchmarked by Zhao
et al. (2024)—where users express their intent in
plain language and the system automatically pro-
duces executable formulas.

Despite promising progress, most NL2Formula
systems rely on supervised fine-tuning on static
datasets, framing formula generation as a conven-
tional seq2seq problem. However, existing datasets
are limited in scale and coverage: the largest bench-
mark contains only 70K examples spanning limited
formula patterns and table structures. Although
recent work Sheetpedia (Tian et al., 2025) pro-
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vides over 290K worksheets, it serves as a general-
purpose resource; fine-tuning on it yields only 2.1%
improvement over the 70K benchmark despite the
much larger corpus. This indicates that simply scal-
ing static data offers limited benefit, as training
on fixed datasets quickly plateaus, with additional
epochs producing diminishing returns or even de-
grading performance (Chen et al., 2024b). Static
supervision offers no clear path forward: collecting
preference data for RLHF or RLAIF reintroduces
the same bottleneck, requiring extensive manual
evaluation or access to proprietary models. Cur-
rent systems thus remain far below their potential,
particularly struggling with complex nested formu-
las and ambiguous queries where supervision is
scarcest. Overcoming this ceiling requires a fun-
damentally different paradigm, enabling models to
improve beyond initial supervision without addi-
tional annotations or external preference signals.

To address these challenges, we introduce
FormulaSPIN, a self-play fine-tuning framework
specifically designed for spreadsheet formula gen-
eration. Drawing inspiration from AlphaGo Zero’s
self-play mechanism (Silver et al., 2017) and re-
cent advances in self-improving language models
(Chen et al., 2024b), our approach enables iterative
model improvement through a two-player game:
the current model (main player) learns to distin-
guish formulas generated by its previous version
(opponent) from ground-truth formulas, while the
opponent strives to generate formulas indistinguish-
able from human-written ones.

The key insight underlying FormulaSPIN is
that formula generation offers a unique advan-
tage over general generation tasks: executabil-
ity provides implicit supervision. Unlike open-
ended text where quality assessment requires hu-
man judgment, formulas can be automatically
validated by executing them in a spreadsheet
engine. When compared to code generation
that also incorporates execution-based supervision,
formula execution is binary, deterministic, and
lightweight, requiring no manually designed test
cases or complex runtime environments. Criti-
cally, vanilla self-play fails for this task because
it treats all non-matching formulas uniformly, pe-
nalizing execution-equivalent alternatives (e.g.,
SUM (A1:A5) vs. A1+A2+A3+A4+A5) and cre-
ating contradictory training signals.

We address this through three novel components:

* Formula-Aware Self Play: incorporates ex-

ecution feedback into the self-play objective,
categorizing generated formulas by error type
to weight their contribution appropriately.

* Multi-Granularity Curriculum: automati-
cally adjusts training focus based on the distri-
bution of semantic errors versus stylistic vari-
ations, progressing from correctness to style
as the model matures.

* Execution-based Voting: generates multiple
candidates at inference time and selects the
best one via execution-based semantic voting.

Our contributions are fourfold. (1) We identify
a fundamental limitation of supervised learning
for NL2Formula and reformulate spreadsheet for-
mula generation as an executable self-improvement
problem, where static annotations alone are insuffi-
cient for learning complex formulas and ambiguous
queries. (2) We propose FormulaSPIN, a self-play
fine-tuning framework that leverages the binary
executability of formulas to provide intrinsic su-
pervision, enabling iterative improvement without
additional human preferences or external teacher
models. (3) We introduce an adaptive semantic-to-
stylistic curriculum that automatically shifts train-
ing focus from correctness to canonical formulation
as the model improves. (4) Through extensive in-
domain and out-of-domain experiments, we demon-
strate that FormulaSPIN substantially outperforms
supervised fine-tuning and matches preference-
optimized models trained with large-scale addi-
tional annotations, with particularly strong gains
on complex nested formulas.

2 Related Work

Our work addresses three fundamental challenges
in formula generation: (i) limited training data that
constrains model performance, (ii) difficulty in ob-
taining quality supervision signals, and (iii) han-
dling multiple valid solutions at inference time. We
organize related work around how prior approaches
tackle these challenges and where they fall short.

2.1 Formula Generation and Data Bottleneck

Semantic parsing evolved from logic forms (Price,
1990; Zelle and Mooney, 1996) through knowledge-
base grounding (Berant and Liang, 2014) to SQL-
based systems (Zhong et al., 2017; Yu et al., 2018).
For formula synthesis, FlashFill (Gulwani, 2011)
pioneered programming-by-example. Structure-
aware pre-training methods model table layouts
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(Wang et al., 2021; Liu et al., 2022) and formula se-
mantics (Cheng et al., 2022). Recently, Zhao et al.
(2024) introduced NL2Formula with 70K exam-
ples, and Tian et al. (2025) constructed Sheetpedia
with 290K samples.

These approaches face inevitable saturation on
fixed datasets, particularly for complex nested
formulas where supervision is scarcest. Our
work breaks this ceiling through iterative self-
improvement, generating training signal from the
model’s own outputs without additional annotation.

2.2 From Supervision to Self-Improvement

Given the data bottleneck, recent work explores
alternative supervision: external preference collec-
tion versus self-generated feedback.

Preference-based methods (Ouyang et al., 2022;
Bai et al., 2022; Rafailov et al., 2023) require ex-
pensive human annotations or proprietary teacher
models, shifting the bottleneck. For formula gener-
ation, distilling GPT-4.1 introduces external depen-
dencies and annotation costs.

Self-play mechanisms, from TD-Gammon
(Tesauro, 1995) to AlphaGo (Silver et al., 2017),
enable improvement by competing against oneself.
SPIN (Chen et al., 2024b) adapted this to language
models, but vanilla SPIN fails for formula gener-
ation: it treats non-matching outputs uniformly,
penalizing execution-equivalent alternatives (e.g.,
SUM (A1:A5) vs. A1+A2+A3+A4+A5) and cre-
ating contradictory gradients.

We introduce formula-aware self-play that ex-
ploits execution feedback to distinguish seman-
tic errors from stylistic variations, enabling stable
learning without external supervision.

2.3 Execution-Based Learning for Formulas

Execution-based validation has proven effective
in code generation (Le et al., 2022; Chen et al.,
2024a), but code execution requires test suites and
runtime environments. For spreadsheet formulas,
recent work has explored domain-specific rein-
forcement learning with execution feedback. For-
tune (Cao et al., 2025) applies PPO with symbol-
level rewards that encourage function-argument
compatibility and penalize syntax errors. However,
such fine-grained reward shaping demands exten-
sive domain knowledge and remains sensitive to re-
ward design choices. Prior spreadsheet work either
ignores executability or uses it only for post-hoc
filtering (Cheng et al., 2022; Yang et al., 2022).

Formula execution is binary, deterministic, and
lightweight—a single table provides complete val-
idation. We exploit this to filter and categorize
formulas into semantic versus stylistic errors, con-
structing an adaptive curriculum. Unlike Fortune’s
symbol-level rewards or general RL methods (Sho-
jaee et al., 2023; Shinn et al., 2024) that use sparse
binary rewards, our preference-based objective pro-
vides richer learning signals by contrasting model
outputs with ground-truth references. This also
contrasts with constrained decoding (Scholak et al.,
2021) that guarantees syntax but not semantics.

2.4 Test-Time Scaling by Semantic Consensus

Inference-time computation improves generation
quality (Snell et al., 2024), but existing strategies
have limitations. Best-of-N sampling (Cobbe et al.,
2021) requires trained verifiers; self-consistency
(Wang et al., 2023) votes on surface forms, missing
semantically equivalent solutions. For code, sam-
pling multiple solutions boosts performance (Chen
et al., 2021), but verification demands comprehen-
sive test suites.

We introduce ExecVote (Execution-based Vot-
ing) that votes over execution results rather than
surface forms. By grouping formulas into semantic
equivalence classes through execution, we naturally
handle multiple valid formulations without trained
verifiers. Among execution-equivalent candidates,
we select the highest-probability formula, combin-
ing semantic correctness with stylistic preference.

3 FormulaSPIN

3.1 Problem Formulation

Given a spreadsheet table 7 and a natural lan-
guage query ¢, the NL2Formula task aims to gen-
erate an executable formula f that fulfills the
user intent. We denote the training dataset as
D = {(4i,Ti, fi)}I¥.,, where the model learns a
conditional distribution pg(f | ¢, 7). Each table is
serialized in row-major order with cell coordinates
(e.g., “Al:Revenue | B1:2023 | ...”).

3.2 Formula-Aware Self Play

We adopt a self-play fine-tuning framework in-
spired by SPIN (Chen et al., 2024b), tailored to
spreadsheet formula generation. At iteration ¢, the
old model py, acts as opponent player and gener-
ates candidate formulas f’ for a given query ¢ and
table 7", while new model py, , serves as the main
player and is trained to assign higher probability to
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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, an execution-based voting strategy selects the final formula

based on execution agreement among sampled candidates.

reference formula f than to f’. As self-play pro-
gresses, the opponent produces increasingly chal-
lenging formulas, pushing the main player toward
finer-grained semantic understanding.

A key advantage of formula generation is
deterministic executability, which we leverage
through execution filtering: comparing E(f',T)
with E(f,T) sorts each candidate into Trivial,
Coarse, or Fine samples (Figure 4). Execution
failures are folded into Trivial because their diverse
error patterns provide inconsistent gradients, and
the SFT model already achieves ~96% execution
success. The Coarse/Fine split lets us disentangle
semantic errors from stylistic variations and weight
them differently in the loss.

Building on this filtering mechanism, we mea-

sure the relative preference between models using
the log-probability difference

£(6; 6,) :E{w(f’)vé(ﬂog DT LOT) g 2T qj)ﬂ’

po(f1aT) o (f 14 T)

where the expectation is computed over the distri-
bution ¢ ~ Q(:), f ~ paata(- | ¢, T), ' ~ pe, (- |
q,T), and £(t) := log(1 + exp(—t)) denotes the
logistic loss.

The relative form r(f) — r(f’) encodes the ad-
versarial dynamic: the main player must outper-
form the opponent’s ability to distinguish refer-
ence from synthetic formulas, and as the opponent
strengthens, the margin for improvement narrows,
compelling progressively finer discrimination. The

weight w(f’) is determined by execution filtering:

1, if f' is Coarse,
Bmed, if f’ is Fine, (2)
0, if ' is Trivial.

w(f’) =

i.e., Coarse formulas receive full weight, Trivial
formulas receive zero weight, and Fine formulas
receive an adjustable weight Speq € [0, 0.25].

The choice of Speq for Fine samples addresses
a key tension: While Fine samples are execution-
equivalent to the reference and thus semantically
correct, the self-play objective still treats them as
negatives to be pushed away. Assigning them
the same weight as Coarse samples would cre-
ate contradictory gradients—the same canonical
form may appear as ground truth in one exam-
ple and as a penalized opponent output in another
(see Figure 3)—destabilizing training. Yet set-
ting their weight to zero is also undesirable: refer-
ence formulas are typically more concise and id-
iomatic than execution-equivalent alternatives (e.g.,
SUM (A1:A5) vs. A1+A2+A3+A4+A5), and we
want the model’s outputs to converge toward these
canonical forms rather than drift into verbose vari-
ants.

We resolve this tension by down-weighting Fine
samples with Bpeq € [0,0.25], and letting Bpeq
grow with the Fine/Coarse ratio: early on, when
Coarse dominates, we avoid penalizing correct al-
ternatives almost entirely; later, once semantic er-
rors are rare, a mild penalty on non-canonical forms
nudges the model toward idiomatic style without
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Figure 3: Contradictory gradients under uniform weight-
ing. When SUM(A1:A5) and A1+A2+A3+A4+A5
swap roles across examples, vanilla SPIN pushes down
both correct forms, destabilizing training.

- push down p(SUM(A1:A5))

conflicting with the correctness objective. We for-
malize this as:

Sin
1S9 | 4+ 18Wel”

/81(12(1 = Pmax 3

where Snax = 0.25 caps the maximum weight.
This implements a natural curriculum—mastering
correctness before refining style—without manual
schedule design. While curriculum learning has
been applied to code generation (Nair et al., 2024),
our approach uniquely derives the curriculum from
execution feedback rather than predefined difficulty
metrics.

Following the theoretical analysis in SPIN (Chen
et al., 2024b), our execution-aware filtering effec-
tively redefines pgaa as the distribution over fil-
tered, execution-validated samples. By excluding
only execution-failing negatives while preserving
semantically equivalent alternatives, the SPIN con-
vergence guarantee remains intact: the global opti-
mum of £ is achieved if and only if py = pgata un-
der this redefined target, ensuring that iterative self-
play drives the model toward the target distribution.
In practice, the opponent generates increasingly so-
phisticated formulas across iterations—from sim-
ple errors and misuses early on to subtle semantic
mistakes later—forcing the main player to develop
progressively finer-grained discrimination capabili-
ties. Figure 6 visualizes this convergence, showing
diminishing marginal gains beyond iteration 3.

3.3 Execution-based Voting

Unlike best-of-NV sampling (Nakano et al., 2021;
Cobbe et al., 2021), which requires external ver-
ifiers and additional supervision, ExecVote lever-
ages the deterministic constraints of formula exe-
cution as a training-free validity filter. While self-
consistency methods (Wang et al., 2023) count
surface-level matches, we group candidates based

Input - Spreadsheet, query, ground truth formula

fx | =MAXIFS(F2:F6, G2:G6, "Premium")

A B c D e F G H ' )
1 Product Region  OlSales O2Sales Q3Sales Q4Sales Category Status  Target  Bonus
2 Alpha North 12500 15800 18200 21000 Premium  Active 50000 10%
3 Beta South 8200 9500 11000 13500 Standard  Active 40000 10%
4 Gamma  North 22000 24500 19800 26500 Premium  Inactive 70000 12%
5 Delta East 6800 7200 8500 9200 Budget  Active 30000 8%
6

Epsilon  North 16500 18200 17800 20500 Premium  Active 65000 10%

Query q: "What is the highest Q4 sales among Premium category products?"
F column = Q4 Sales (search range) - G column = Category (criteria range) - F4 = 26500 (ground truth result)
E(f, T) = 26500

+ Opponent p_8t generates f', filtered by E(f', T)

Candidate f
=MAXIFS (F2:F6
H2:H6, "Premiun”)

| Trivial - discarded
Case A:f' =1

=MAXIFS (F2:F6,
62:G6, "Premiun" )

Candidate f':
=MAX (IF(62:66=
"Premiun®,F2:F6))

~ zero gradient.

Case B: execution fails

—MAXIFS (F2:F6,
62:66,) - 70000 X

E(FT) = E(RT)

- 26500 /

- #ERROR! E(F.T) = E(ET), F=f

)=0 full weight — w(f) = 1

no learning signal

w(f') = B_med
adaptive € [0, 0.25]
teaches stylistic refinement

teaches semantic correctness

Self-play loss L(6; 6t) - Eq. (1) & Eq. (2)

\log _Po (0T
S e (e

L(0;0,) =E [w(f’)- £(Nog—LoflaD
) : po (Ma.T)

)

As iteration t grows, |Finel/|Coarse] rises - B_med rises —
curriculum shifts from semantic correctness to stylistic refinement

Figure 4: Execution filtering and the Formula-Aware
Self-Play objective. The opponent py, generates f,
which is sorted by executing against 7 Trivial sam-
ples (exact matches or execution failures) are discarded;
Coarse samples (wrong result) receive full weight to
teach semantic correctness; Fine samples (correct result,
non-canonical form) receive adaptive weight [y,eq for
stylistic refinement.

on their semantic behavior during execution. By
doing so, we capture the collective strength of se-
mantically equivalent programs (Chen et al., 2021)
that would otherwise be treated as distinct incorrect
samples.

Specifically, we sample K candidate formulas
at temperature 7" > 1. Non-executable samples
are discarded, and voting is conducted on the re-
sulting execution outputs. We select the highest-
probability formula from the majority result set; if
no consensus exists, the most probable executable
formula is returned, falling back to the overall top-1
candidate if all executions fail.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate on two benchmarks:
NL2Formula-70K (Zhao et al., 2024), which con-
tains 70,799 query—formula pairs from 21,670 ta-
bles covering 37 function types and uses the of-
ficial train/validation/test split of 75%/10%/15%,
and Sheetpedia-Selected(Tian et al., 2025), which
consists of 2,167 high-quality, human-verified ex-
amples drawn from a 290K spreadsheet corpus.
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Algorithm 1 FormulaSPIN Training

Require: Dataset D, model 6y, iterations K
Ensure: Trained model 65

1: fort =0to K — 1do

22 S« 0

3: for each (¢, T, f) € D do

4: f~po(1¢T)

5: rr’ <« E(f,T),E(f,T)

6: skip if 7’ =ERR or f'=f

7: ¢ + FINE if 7’'=r else COARSE
8: S« Su{(q,T,f,fc)}

9: end for

10: ng < |{s € S : c=FINE}|

11: Wiy < Pmaxnf/|S]

12: for each batch B C S do

13: Compute L via Eq. (1)

14: Update 6 by gradient descent
15: end for

16: 9t+l «~— 0

17: end for

18: return 0y

A detailed statistics analysis can be found in Ap-
pendix A.

Training Configuration. All models are initial-
ized from LLaMA-3.1-8B-Instruct (Dubey et al.,
2024). We first obtain an SFT base model on the
NL2Formula training set using LoRA (r = 16,
a = 16, dropout = 0) and AdamW-8bit, with
learning rate 3 x 10~%, weight decay 10~3, cosine
scheduling, and warmup ratio 0.03. Starting from
this SFT-initialized adapter, we perform SPIN self-
play fine-tuning for four iterations. In multiple
iterations, we leverage the synthetic data from the
most recent iteration and add to the newly gener-
ated synthetic data, therefore resulting in a syn-
thetic dataset size of 50k at iteration O and 100k at
iteration 1, 2 and 3. In each SPIN iteration, we train
for 2 epochs with per-device batch size 1, gradient
accumulation 16, BF16, RMSProp, zero weight
decay, and warmup ratio 0.1. The peak learning
rate is 5 x 1077 for iterations 0-2 and 1 x 107
for iteration 3. The SPIN logit scaling coefficient
is set to 0.1 for iterations 0-2 and 5.0 for the final
iteration. Formula execution is conducted using a
Linux-based customized spreadsheet formula exe-
cution simulator.

Baselines. We compare against several representa-
tive approaches, including FORTAP (Cheng et al.,
2022), which builds on TUTA (Wang et al., 2021)

and extends table pre-training to include spread-
sheet formulas, using a two-stage LSTM decoder
(Hochreiter and Schmidhuber, 1997); fCODER-
Base and fCODER-Large (Zhao et al., 2024),
which are T5-based sequence-to-sequence mod-
els trained with supervised fine-tuning; SFT, our
LLaMA-3.1-8B-Instruct (Dubey et al., 2024) base
model trained with standard supervised fine-tuning
for two epochs; SFT (Continuous), which contin-
ues training LLLaMA-3.1-8B-Instruct for an addi-
tional three epochs on the same data; SFT-DPO,
which further trains the SFT model using Direct
Preference Optimization (Rafailov et al., 2023)
with wrong—correct pairs as preference data; and
a suite of strong proprietary API models evalu-
ated in a zero-shot setting, including GPT-40 (Ope-
nAl, 2024), Claude-3.7-Sonnet (Anthropic, 2025),
Gemini-2.5-Pro (Google DeepMind, 2025), and
DeepSeek-R1 (DeepSeek-Al, 2025).

Evaluation Metrics. We evaluate model perfor-
mance using four complementary metrics: Exact
Match (EM), string-level exact correctness of for-
mulas; Execution Accuracy (EA), semantic cor-
rectness via identical execution results; Execution
Success Rate (ESR), percentage of executable for-
mulas; and Formula Sketch Match (FSM), function-
level correctness ignoring cell references. Fol-
lowing Zhao et al. (2024), we also report results
by formula complexity: Simple (1-2 functions),
Medium (3—4), and Complex (5+). Note that this
complexity-based categorization is distinct from
the Trivial/Fine/Coarse error granularity used dur-
ing training, which reflects semantic rather than
structural distinctions.

4.2 Main Results

Overall Performance. Table 1 shows results
on the NL2Formula-70K test set. FormulaSPIN
achieves 74.9% EM and 87.1% EA, substantially
outperforming all baselines. All reported results
are averaged over three runs with different random
seeds. We highlight several key findings:

* Self-play provides consistent gains: +1.9% EM
at iter 0, accumulating to +6.7% EM by iter 3
over the SFT base.

* FormulaSPIN (iter 3) outperforms SFT-DPO de-
spite using no additional data. DPO uses GPT-4.1
for preference data, yet still underperforms, sug-
gesting that execution-based intrinsic feedback
is superior to distillation from external LLMs.

* Continued SFT degrades performance (-1.9%
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Model EM EA ESR FSM
FORTAP 24.2 - - 58.4
fCODER-Large 706 77.1 96.5 95.1
SFT (base) 682 81.1 97.1 957
SFT (Continued) 688 792 994 926
SFT-DPO 722 845 98.6 949
API Models

DeepSeek-R1 342 620 88.6 -
Gemini-2.5-Pro 330 682 924 -
Claude-3.7-Sonnet 324 61.2 87.1 -
GPT-40 340 66.1 913 -
Ours

FormulaSPIN (¢o) 70.1 825 98.8 96.1
FormulaSPIN (¢;) 725 847 99.1 9738
FormulaSPIN (¢;) 74.1 869 99.1 983
FormulaSPIN (t3) 749 871 99.2 98.7

Table 1: Performance on NL2Formula-70K test set. EM: Ex-
act Match; EA: Execution Accuracy; ESR: Execution Success
Rate; FSM: Formula Sketch Match.

EA), confirming naive multi-epoch training inef-
fective.

* Even large proprietary models underperform our
approach, showing the value of task-specific self-
play fine-tuning.

= Easy (3,332)

Medium (4,900)
g0 ™ Hard (1,019)

Execution Accuracy (%)

SFT Iter 0 Iter 1 Iter 2 Iter 3
Model

Figure 5: Execution Accuracy by formula complexity.

Performance by Complexity. Figure 5 analyzes
results across formula complexity levels. The
largest improvements occur on complex formu-
las (+11.0% from SFT to iter 3), with the bulk
of the gain concentrated in iterations 1 and 2 (+4.0
and +5.0 points, respectively) before plateauing at
iter 3—suggesting self-play effectively discovers
compositional patterns that SFT alone fails to cap-
ture. Simple formulas also benefit notably (+8.0%),
while medium formulas, which already attain the
highest absolute accuracy under SFT, exhibit the
smallest headroom and gain a more modest +4.0%.
This pattern indicates that self-play is most bene-
ficial precisely where SFT struggles the most, nar-
rowing the gap between difficulty tiers as iterations
progress.

4.3 Generalization and Scaling

Execution-based Voting. Table 2 shows the effect
of sampling multiple candidates at inference. Sam-
pling K = 10 candidates boosts EA by +7.0% over
greedy decoding, at roughly 1.68x the inference
cost. The gains saturate beyond K = 10, suggest-
ing diminishing returns. This demonstrates that
formula generation benefits significantly from test-
time compute, similar to code generation (Chen
et al., 2021).

K (samples) EA Inference Time

1 (greedy) 86.7 1.00x
5 914 1.32x
10 93.8 1.68x

Table 2: Impact of test-time compute scaling (Formu-
1aSPIN iter 3, 128 test samples). Sampling K = 10
provides the best accuracy-efficiency tradeoff.

Out-of-Domain Generalization. We evaluate on
the Sheetpedia-NL2FL test set (2167 examples
from a different data distribution) to assess general-
ization. The SFT baseline achieves 63.4% EM and
71.7% EA, while SFT-DPO improves to 65.3% EM
and 74.2% EA. FormulaSPIN generalizes well to
out-of-domain data, reaching 69.1% EM and 78.5%
EA. Combined with test-time scaling (K = 10),
performance further increases to 84.9% EA.

Robustness Across Base Models. To verify that
these improvements generalize across model archi-
tectures, we also evaluate FormulaSPIN on multi-
ple base models including Qwen3-8B, Qwen2.5-
7B, DeepSeek-Coder-7B, and Mistral-7B, observ-
ing consistent gains of +6-8% EM across all archi-
tectures.

4.4 Training Dynamics

Iteration Analysis. Figure 6 tracks training dy-
namics across iterations. On NL2Formula, im-
provements are most pronounced in the early it-
erations (+2.4% EM from iter 0 to 1, +1.6% from
iter 1 to 2) and gradually diminish, with EM ris-
ing from 70.1% at iter O to 74.9% at iter 3 before
plateauing. Sheetpedia (out-of-domain) exhibits a
similar trajectory, climbing from 63.4% to 69.1%
EM over the first four iterations and then show-
ing only minor fluctuations around 69% (69.1% —
68.9% — 69.2%). Execution Accuracy follows the
same pattern on both benchmarks, converging near
87.1% on NL2Formula and 78.5% on Sheetpedia.
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This convergence aligns with theoretical predic-
tions (Chen et al., 2024b) and indicates that 3—4
iterations provide the optimal trade-off between
performance and training cost.

(a) NL2Formula-70K
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Figure 6: Performance progression across iterations on
(a) NL2Formula-70K and (b) Sheetpedia-NL2FL.

Iteration Exact Execution Syntax
Match % Match %  Error %

0 (from SFT) 71.4 83.9 4.6

1 73.8 85.6 33

2 75.2 87.4 2.5

3 76.1 88.3 1.8

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

Synthetic Data Quality. We analyze the quality of
self-generated formulas used in training (Table 3).
Synthetic data quality improves steadily across it-
erations: exact matches rise from 71.4% to 76.1%
(+4.7%), execution matches climb from 83.9% to
88.3% (+4.4%), and syntax errors drop from 4.6%
to 1.8%. Notably, synthetic data quality is consis-
tently slightly higher than test-set accuracy as our
generation pipeline applies confidence-based filter-
ing and rejection sampling to discard low-quality
candidates. This virtuous cycle—a stronger model
produces higher-quality training data, which in turn
trains an even stronger model—is central to the ef-
fectiveness of self-play, and it also explains the
diminishing gains observed beyond iteration 3—4:
as synthetic data quality approaches the model’s
own ceiling, the additional learning signal naturally
saturates.

4.5 Ablation Studies

Components Analysis. Table 4 ablates the key
components of FormulaSPIN. Disabling the adap-

tive curriculum and reverting to a fixed Speq leads
to a-1.9% EM and -1.5% EA degradation, validat-
ing that progressively shifting focus from semantic
correctness to stylistic refinement is more effective
than a static weighting scheme.

Configuration EM EA
FormulaSPIN 749 87.1
- w/o adaptive curriculum  73.0 85.6
- w/ vanilla SPIN 70.6 824

- w/o self-play (SFT only) 682 81.1

Table 4: Ablation study on NL2Formula-70K removing
key components of FormulaSPIN. The adaptive cur-
riculum contributes substantially, while vanilla SPIN
degrades performance after the first iteration.

Most strikingly, vanilla SPIN starts degrade-
ing performance after iter0. This counterintu-
itive result arises because vanilla SPIN treats
all non-matching outputs uniformly as negatives,
penalizing execution-equivalent alternatives (e.g.,
SUM (A1:A5) vs. A1+A2+A3+A4+A5) along-
side genuinely incorrect formulas. The resulting
contradictory gradients destabilize training and
erode the gains achievable through self-play. By
contrast, FormulaSPIN’s formula-aware self-play
objective combined with the adaptive curriculum
yields a +6.7% EM and +6.0% EA improvement
over SFT, demonstrating that both components are
indispensable for unlocking the benefits of self-play
in formula generation. A more detailed analysis
of vanilla SPIN’s failure modes is provided in Ap-
pendix C.

Adaptive Curriculum Analysis. We validate
our adaptive weighting mechanism (Equation 3)
against fixed Speq values. The adaptive approach
outperforms both fixed weights and a hand-tuned
linear schedule. The key advantage is that Bpeq
automatically tracks training progress: it starts low
when Coarse samples dominate, then increases as
Fine samples become prevalent. This implements
a natural semantic-to-stylistic curriculum without
manual tuning.

Schedule EM EA

Fixed 8 = 0.0 70.1 86.9
Fixed 3 =0.10 723 854
Adaptive 749 87.1

Table 5: Comparison of Seq scheduling strategies.

14464



4.6 Qualitative Analysis

Case Study. Figure 7 presents a case study on
conditional aggregation. The table in A1 : J6 con-
tains the NL query “What is the highest Q4 sales
among Premium category products?” The ground-
truth formula is MAXIFS(F2:F6, G2:G6,
"Premium"), yielding ‘“26500”. The SFT
model predicts MAX (IF (G2:G6="Premium",
F2:F6)), a legacy array formula that requires
Ctrl+Shift+Enter in older Excel versions and fails
silently in certain environments. While Formu-
1aSPIN learns the modern MAXIF S pattern through
self-play despite the sparsity of relevant data.

A B ® D E F G H 1 J
Product  Region  QiSales Q2Sales Q3Sales Q4Sales Category  Status  Target Bonus
Alpha North 12500 15800 18200 21000 Premium Active 50000 10%

Beta South 8200 9500 11000 13500 Standard Active 40000 10%

1
2
3
4 Gamma North 22000 24500 19800 26500  Premium Inactive 70000 12%
5 Delta East 6800 7200 8500 9200 Budget Active 30000 8%
6

Epsilon North 16500 18200 17800 20500 Premium Active 65000 10%

Figure 7: An example where SFT produces a legacy
array formula requiring special entry mode, while For-
mulaSPIN generates the modern idiomatic function.

Error Analysis. We conduct stratified ran-
dom sampling (300 examples each from Sim-
ple, Medium, and Complex buckets) on For-
mulaSPIN (¢3) outputs and find that both error
categories and function-family involvement shift
systematically with formula difficulty. In the
Simple bucket, failures concentrate on aggrega-
tion choice and over-complication—confusions
involving SUM as either reference or prediction
account for 29.2% of errors (e.g., SUM—MAX,
SUM—ROWS, SUM—AVERAGE), and the model
often rewrites a direct FILTER as a nested
LET+SUMMARIZE (LET—FILTER, 12.5%). In
the Medium bucket, the model essentially stops
picking the wrong family: errors remain inside
UNIQUE—UNIQUE (35.3%) and SORT—SORT
(23.5%) confusions and localize to projection and
value binding—row selection is typically correct,
but the model returns the wrong column (17.6%)
or fails to match surface forms such as score
strings, Unicode punctuation, and decimals like
.9 versus 0.9 (29.4%). In the Complex bucket,
LET—LET confusions alone account for 63.8%
of errors: the outer program skeleton is largely
correct, but inner field ordering and condition bind-
ings are misplaced (wrong_return_column 27.7%,
wrong_filter_value_or_threshold 17.0%). This

trajectory—from family-level mistakes and tem-
plate over-complication, to within-family projec-
tion drift, to fine-grained binding drift inside cor-
rect skeletons—mirrors the semantic-to-stylistic
curriculum learned during self-play: the model first
masters which program to write, then what to re-
turn, and finally struggles only with #ow bindings
are wired inside complex compositions. A detailed
breakdown by bucket, error category, function-
confusion pattern, and representative case studies
appears in Appendix E.

5 Conclusion

In this paper, we propose a novel self-play fine-
tuning framework for natural language to spread-
sheet formula generation, called FormulaSPIN. For-
mulaSPIN leverages the intrinsic verifiability of for-
mulas to enable iterative self-improvement without
any additional costly human annotations or external
teacher models. Unlike vanilla SPIN, it avoids con-
tradictory gradients on execution-equivalent sam-
ples by distinguishing semantic correctness from
stylistic variations through error-aware adversarial
training. The proposed adaptive curriculum and
semantic consensus voting show that task-intrinsic
verification can effectively drive self-improvement.
Our work represents the first effective application
of self-play to formula generation tasks, signifi-
cantly outperforming SFT, domain-specific mod-
els, and large proprietary models while matching
models trained with large-scale preference anno-
tations. These findings underscore the strong po-
tential of combining self-play with task-intrinsic
and dynamic feedback, opening promising direc-
tions for extending this execution-driven paradigm
to other structured generation tasks with potentially
sparse data, including SQL synthesis, code genera-
tion, and mathematical reasoning.

Limitations

Our approach assumes access to a spreadsheet ex-
ecution engine for validation, which may not be
available in all deployment scenarios. The test-time
compute scaling improves accuracy but increases
inference latency, potentially limiting real-time ap-
plications. Additionally, self-play requires multiple
training iterations , which may be prohibitive for
resource-constrained settings. Finally, our evalua-
tion focuses on English queries and Excel formulas;
generalization to other languages and spreadsheet
applications remains unexplored.
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Ethics Statement

This work uses publicly available benchmarks
(NL2Formula-70K and Sheetpedia) containing syn-
thetic spreadsheet examples without personally
identifiable information. FormulaSPIN is designed
to democratize spreadsheet usage by lowering tech-
nical barriers for non-expert users. We acknowl-
edge that users should verify generated formulas be-
fore deployment in high-stakes scenarios, as over-
reliance on automated outputs may introduce errors.
Our self-play approach eliminates dependence on
expensive proprietary models for preference anno-
tation, reducing both financial and environmental
costs compared to methods requiring extensive API
calls.
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A Dataset Statistics

Statistic NL2F-70K  Sheetpedia (OOD)
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 Distribution

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.

Dataset Differences. NL2Formula-70K and Sheet-
pedia differ fundamentally in their construction
and content characteristics. NL2F-70K is derived
by converting text-to-SQL examples (WikiSQL,
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Spider) into spreadsheet contexts, which limits
its coverage to SQL-compatible patterns. In con-
trast, Sheetpedia is curated from real-world sources
including enterprise email archives (Enron) and
user-contributed content from ExcelForum, cap-
turing authentic spreadsheet usage across diverse
domains such as financial modeling and data anal-
ysis. Consequently, Sheetpedia exhibits native Ex-
cel formula patterns with prevalent error-handling
constructs (e.g., IFERROR wrapping VLOOKUP),
nested conditional logic, and complex function
co-occurrences that are rarely observed in SQL-
converted datasets. This makes Sheetpedia a
challenging out-of-distribution (OOD) benchmark
for evaluating model generalization to real-world
spreadsheet scenarios.

B DPO Baseline Construction

Dataset Quality Analysis. The NL2Formula-
70K dataset (Zhao et al., 2024) was collected from
web sources, where the ground-truth formulas rep-
resent one possible solution rather than the canon-
ical or most efficient implementation. Through
careful manual inspection of 500 randomly sam-
pled examples, we observed that approximately
18.3% of ground-truth formulas could be expressed
more concisely or idiomatically.

For instance, consider the following examples
where SFT-generated formulas are arguably supe-
rior:

Ground Truth SFT Output (More Efficient)
Al1+A2+A3+A4+A5 SUM (A1:A5)
SUMPRODUCT ( (B:B SUMIF (B:B,"X",C:C)
="X")*(C:C))

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

B:B,0))

Table 7: Examples where alternative formulas may be
more efficient or idiomatic than ground-truth annota-
tions.

Motivation for Two-Stage Annotation. Given
this observation, naively setting the ground-truth
formula as always preferred in DPO training could
lead to suboptimal learning dynamics. The model
might learn to memorize specific formula patterns
from the dataset rather than developing genuine
preferences for efficient, correct formulas.

Two-Stage Preference Annotation Strategy. To
construct a stronger and more principled DPO base-

line, we adopt a two-stage preference annotation
strategy:

Stage 1: Execution Validation. For each train-
ing example (q, 7T, f4:), we first generate a can-
didate formula fss; using the SFT model. Both
fqt and fgr; are executed on the table 7. If
E(fspe: T) # E(fgt, T) (execution results differ),
we set the ground-truth as preferred: (fy, fi) =
(fot, fspe) B E(fspe, T) = E(fge, T) (execution
results match), we proceed to Stage 2.

Stage 2: GPT-4.1 Preference Labeling. When
both formulas produce identical execution results,
we employ GPT-4.1 to determine which formula is
preferred based on criteria including conciseness,
readability, idiomatic usage, and computational ef-
ficiency.

Strategy Benefits. This strategy ensures that se-
mantically incorrect formulas are never favored
over correct ones, that among multiple valid so-
lutions the more efficient or idiomatic variant is
preferred, and that the DPO baseline learns gen-
uinely meaningful preferences rather than relying
on arbitrary memorization.

Resulting Dataset Statistics. The resulting pref-
erence pairs consist of approximately 71.2% cases
where ground-truth was preferred (due to execution
mismatch or GPT-4.1 preference) and 28.8% cases
where the SFT-generated formula was deemed su-
perior.

C Why Vanilla SPIN Fails for Formula
Generation

We provide detailed analysis explaining why
vanilla SPIN (Chen et al., 2024b) is unsuitable for
formula generation, resulting in performance degra-
dation compared to FormulaSPIN.

Iteration-wise Performance. Table 8 tracks
vanilla SPIN across iterations. Unlike Formu-
laSPIN which shows consistent improvement,
vanilla SPIN peaks at iteration 1 with marginal
gains, then degrades in subsequent iterations.

Method Iter0 TIter1 Iter2 Iter3
Vanilla SPIN 68.5 71.9 71.1 70.6
FormulaSPIN  68.5 72.5 74.1 74.9

Table 8: Exact Match (%) across iterations on
NL2Formula-70K. Vanilla SPIN shows early satura-
tion and subsequent degradation, while FormulaSPIN
improves consistently.
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Core Issues with Vanilla SPIN. We identify
three fundamental problems that cause vanilla
SPIN to fail for formula generation tasks.

* Problem 1: Penalizing Execution-Equivalent
Formulas. Vanilla SPIN treats all f/ # f
as negative samples. However, in formula
generation, many alternatives are semantically
correct.In our training data, approximately 15-
20% of generated formulas at each iteration
are execution-equivalent to references. Vanilla
SPIN incorrectly pushes the model away from
these valid solutions, creating contradictory
learning signals.

* Problem 2: Noise from Syntax Errors. Vanilla
SPIN includes all generated samples regard-
less of executability. Early iterations produce
10-12% syntax errors with highly diverse pat-
terns (missing parentheses, invalid function
names, malformed references). These sam-
ples provide inconsistent gradients that desta-
bilize training rather than informing it.

* Problem 3: Conflating Semantics and Style.
Without distinguishing Coarse (wrong result)
from Fine (correct result, different form) sam-
ples, vanilla SPIN simultaneously optimizes
for: (1) Semantic correctness: preferring for-
mulas that compute the right value; (2) Stylis-
tic conformity: preferring formulas that match
reference syntax. These objectives can con-
flict—a verbose but correct formula should
not receive the same penalty as an incorrect
one. The uniformity prevents the model from
establishing a clear learning hierarchy.

Reference Generated (Equivalent)
SUM (A1:A5) Al1+A2+A3+A4+A5
AVERAGE (B:B) SUM (B:B) /COUNT (B:B)
IF (A1>0,A1,0) MAX (A1, 0)

Table 9: Examples of execution-equivalent formula
pairs incorrectly penalized by vanilla SPIN.

D Generalization Across Base Models

We evaluate FormulaSPIN across multiple base
models to demonstrate its generalizability. Table 10
presents complete results.

FormulaSPIN provides consistent improvements
across all model families, confirming the robust-
ness reported in Section 4.3. Code-specialized

Base Model Params SFT SPIN A

LLaMA-3.1-8B 8B 682 749 +6.7
Qwen3-8B 8B 69.5 763 +6.8
Qwen2.5-7B 7B 689 739 +50
DeepSeek-Coder-7B 7B 674 758 484
Mistral-7B-v0.3 7B 66.1 723  +6.2

Table 10: FormulaSPIN performance (EM %) across
different base models on NL2Formula-70K. Gains are
consistent across architectures.

models (DeepSeek-Coder) and recent instruction-
tuned models (Qwen3) tend to perform well, val-
idating the connection between code and formula
generation.

E Detailed Error Analysis

We provide the full methodology, statistics, and
qualitative case studies behind the error analysis
summarized in the main text. All numbers in this
section come from the same 900-example stratified
random sample (300 each from Simple, Medium,
and Complex buckets) drawn from FormulaSPIN
(t3) greedy outputs. The Calculation bucket is ex-
cluded as it is dominated by direct numeric reduc-
tion and does not interact with the compositional
patterns we study here.

E.1 Sampling and Annotation Methodology

For each of the three difficulty buckets (Simple:
1-2 functions, Medium: 3-4 functions, Complex:
5+ functions), we uniformly sample 300 examples
from the FormulaSPIN (%3) test outputs and man-
ually label every error according to (i) one of the
error categories defined in Table 11, and (ii) the
(reference function — predicted function) pair at
the top of the formula tree.

E.2 Per-Bucket Statistics

Table 12 summarizes performance and residual-
error rates per bucket. The bulk of remaining head-
room lies in the Complex bucket, where execution
accuracy drops by roughly 10 points relative to
Simple and Medium, while Simple and Medium
errors are sparse and increasingly localized.

Bucket EM EA ESR Errors

Simple 59.0 92.0 100.0 24 (8.0%)
Medium  82.0 943 100.0 17 (5.7%)
Complex 82.7 843 97.0 47 (15.7%)

Table 12: Per-bucket statistics on the 900-example strat-
ified sample.
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Category Definition

top function mis- The outermost function in the pre-

match dicted formula differs from the
reference (e.g., SUM vs. ROWS (
UNIQUE (...))).

aggregation confu- The outer function is a reduction opera-
sion tor but the wrong one (e.g., SUM substi-
tuted for MAX, AVERAGE, or ROWS).

lookup-strategy con- A query solvable by a single FILTER

fusion is rewritten as a nested LET+
SUMMARIZE composition, or vice
versa.

wrong return column Row selection and top-level function
are correct, but the projected column
index inside CHOOSECOLS (or equiv-

alent) is wrong.

wrong column bind- The function selects rows or returns

ing values from the wrong source col-
umn entirely (e.g., A2 : A6 instead of
B2:B6).

wrong filter value / Filter structure is correct but a literal

threshold value or comparison threshold differs
from the reference, including surface-
form mismatches (Unicode, whites-
pace, decimal formatting).

missing or extra filter
condition

The predicate has one fewer or one
more conjunct than the reference.

structural drift The formula tree shape diverges sub-
stantially from the reference even

though both share top-level intent.

The function tree matches the refer-
ence exactly, but argument order inside
a multi-argument call (e.g., HSTACK)
is permuted.

same-sketch wrong
argument binding

Table 11: Error category taxonomy used to label the 900
stratified samples.

E.3 Error Category Distribution

We group errors into the categories defined above.
Table 13 reports their distribution per bucket; bold
numbers highlight the dominant category in each
column. The shape of the distribution changes qual-
itatively across buckets: Simple errors are spread
across template-selection categories (fop function
mismatch, aggregation confusion, lookup-strategy
confusion); Medium errors collapse onto fop func-
tion mismatch and surface-form mismatches; Com-
plex errors localize to wrong return column and
wrong filter value / threshold inside otherwise cor-
rect LET skeletons.

Error category Simple Medium Complex
top function mismatch 29.2 41.2 234
aggregation confusion 16.7 - -
lookup-strategy confusion  16.7 - -
wrong column binding 12.5 11.8 4.3
wrong filter value 8.3 29.4 17.0
wrong return column - 17.6 27.7
missing/extra filter cond. 8.3 - 43

structural drift 4.2 - -
same-sketch arg. binding 4.2 - -

Table 13: Error category distribution (% of bucket er-
rors) for FormulaSPIN (¢3). “~” indicates the category
did not appear in that bucket’s sample.

E.4 Function Confusion Patterns

Table 14 reports the top (reference — predicted)
function pairs per bucket. The Simple bucket
is dominated by SUM-related confusions (29.2%)
and LET—FILTER over-complication (12.5%).
The Medium bucket is dominated by within-
family confusions: UNIQUE—UNIQUE (35.3%)
and SORT—SORT (23.5%), meaning the model
picks the right family but mis-projects. The Com-
plex bucket is dominated by LET—LET (63.8%),
meaning the model picks the right top-level tem-
plate but misplaces inner bindings.

Top confusion (ref — pred) % of bucket errors

Simple

SUM-family confusions (combined) 29.2
LET—FILTER 12.5
SUMIFS—ROWS 8.3
Medium

UNIQUE—UNIQUE 35.3
SORT—SORT 23.5
SUMIFS—ROWS 17.6
Complex

LET—LET 63.8
SORT—SORT 6.4
LET—ROWS 6.4

Table 14: Top function-confusion patterns by bucket.
The transition from cross-family to within-family to
within-template confusions is monotone with difficulty.

E.5 Representative Case Studies

We illustrate each bucket’s characteristic failure
mode with a representative case drawn from our
annotated set.

Simple — aggregation confusion. The model
substitutes SUM for the correct reduction operator.
Both predictions execute successfully but produce
semantically wrong values.
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Query: “What is the best top 10 when
there are fewer than 0 wins?”’

Pred: SUM(FILTER(E2:E12,
D2:D12<0))

Ref: MAX (FILTER (E1, D1<0))

Simple — over-complication. A query solvable
by a single FILTER is rewritten as a two-level
LET+SUMMARIZE composition.

Query: “What is the Duration for less

than 53 consecutive wins?”

Pred:

SUMMARIZE (D2:D8,

SUMX (B2 :B8) ),
FILTER (queryl,

CHOOSECOLS (queryl, 2)<53))

Ref: FILTER (D1, B1<53)

LET (queryl,

Medium — surface-form mismatch. Row se-
lection is correct, but the literal value mismatches
the table due to Unicode/whitespace differences.

Query: “...best fit (WMAP only) is .9
+.1...7

Pred: filter on C2:C11="0.9 +
0o.1"

Ref: filteronC1=".9 + .1"

Medium — wrong return column. The model
selects the right rows and the right top-level func-
tion (UNIQUE—UNIQUE) but projects the wrong
column.

Query: “Who won the match when the
winner used the Pedigree attack?”

Pred: .. .CHOOSECOLS (FILTER(...),
2)
Ref: .. .CHOOSECOLS (FILTER(...),
4)

Complex — inner field-ordering inside

LET—LET. The outer LET skeleton matches
the reference; the HSTACK argument order inside
is swapped.

Query: “Show ids for all aircrafts with
more than 1000 distance.”

Pred: LET (...,
SUMMARIZE (HSTACK (D2:D17,
A2:A17), ...), ...)

Ref: LET (...,
SUMMARIZE (HSTACK (A2:Al17,
D2:D17), ...), ...)

F Comparison with SPFT-SQL

We compare FormulaSPIN with SPFT-SQL (Zhang
et al., 2025), a concurrent work applying self-
play to Text-to-SQL. Although both methods adapt
SPIN to executable generation tasks, they address
fundamentally different problems arising from dis-
tinct domain properties.

The Execution-Equivalence Problem is Domain-
Specific. The core challenge in formula gener-
ation is that 15-20% of model-generated formu-
las are syntactically different from the ground
truth yet produce identical execution results (e.g.,
SUM (A1:A5) vs. A1+A2+A3+A4+A5). Vanilla
SPIN penalizes all non-matching outputs uniformly,
causing the same canonical form to be rewarded in
one example while being pushed away as a negative
in another—creating systematic gradient conflicts
during training. This failure mode has no analog
in Text-to-SQL: syntactically distinct SQL queries
rarely produce identical outputs across all database
rows, so execution-equivalence is not a prevalent
source of training instability.

Solution Granularity. FormulaSPIN addresses
gradient-level conflicts by rethinking the training
objective itself—introducing execution-aware sam-
ple categorization (Trivial/Coarse/Fine) with adap-
tive weighting to prevent contradictory gradients
on valid alternatives. SPFT-SQL uses execution
feedback as a static data-quality filter and reward
signal, but does not confront gradient conflicts dur-
ing optimization because such conflicts are rare in
their domain. Their primary contribution is itera-
tive data synthesis (VBI-FT) to combat overfitting
from limited supervision—a complementary con-
cern orthogonal to ours.
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