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ABSTRACT

Scientific equation discovery has long been central to scientific progress, pro-
ceeding through iterative cycles of hypothesis generation, observational testing,
and refinement under scientific constraints. As LLM capabilities advance and
their role in AI for Science expands, it remains an open problem whether they
can genuinely discover scientific laws and how this ability should be evaluated.
Existing evaluations, however, often either simplify discovery through synthetic
settings or reuse published targets that may already be familiar to LLMs. We
therefore introduce SCILAWS-BENCH, a benchmark for scientific law discovery
built from published research and real scientific data. It comprises 118 problems
drawn from 381 scientific papers, covering 291 candidate laws and roughly 8M
real data points across six scientific disciplines. Each problem is instantiated in
two complementary settings: (1) SCILAWS-REAL asks models to propose laws
from fixed real observations and evaluates held-out predictive fit and scientific
validity derived from the source literature, and (2) SCILAWS-PARALLEL asks
models to actively query residual-calibrated worlds and recover synthesized hidden
laws derived from published forms. This two-setting task design preserves each
problem’s scientific context while separately evaluating fixed-record law discovery
and active recovery of a newly synthesized hidden law. We find that predictive
fit can diverge from scientific validity, memorization shapes whether models re-
produce or move beyond published formulas, and our best-of-N study reveals a
selection bottleneck. Our work provides a paper-grounded benchmark and new
empirical perspectives for evaluating AI for scientific discovery. Project page:
https://yiyihum.github.io/SciLaws-Bench.

1 INTRODUCTION

From Kepler’s planetary laws to Hubble’s law, scientific laws have provided compact mathematical
descriptions of imperfect measurements. Equation discovery, often formalized as symbolic regression,
seeks interpretable mathematical expressions that explain the observed data (Langley, 1987; Schmidt
& Lipson, 2009). Scientific law discovery requires more than goodness of fit or syntactic simplicity.
Proposed laws must also respect physical constraints, remain well behaved in the relevant regime,
and retain scientific meaning in context. As LLMs increasingly become active components in
equation discovery and broader scientific-discovery workflows (Shojaee et al., 2025a; Lu et al., 2024),
evaluating whether they can meet these requirements becomes increasingly important.

Existing evaluations face a fundamental tension between scientific grounding and resistance to
memorization. Benchmarks like AI Feynman (Udrescu & Tegmark, 2020) evaluate the recovery of
canonical textbook equations (e.g., E = ℏω and θ1 = arcsin(n sin θ2)). Consequently, they risk
evaluating mere parametric recall of training data rather than genuine empirical induction from obser-
vations. To mitigate this memorization, other efforts rely heavily on artificial constructs—such as the
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Figure 1: Overview of SCILAWS-BENCH.

counterfactual targets (e.g., replacing F = Gm1m2/r
2 with F = G′m1m2/r

1.5) in NewtonBench
(Zheng et al., 2026) or the simulated environments (e.g., inferring logical nutrient rules for alien
plants) in DiscoveryWorld (Jansen et al., 2024). While these controlled settings, alongside broader
hypothesis and code-generation benchmarks (Majumder et al., 2025; Chen et al., 2025), test essential
reasoning skills, they remain removed from the noisy, heterogeneous measurements encountered
in real scientific problems. It therefore remains unclear how well LLMs can perform open-ended
empirical law discovery on real-world problems where memorized canonical targets provide limited
guidance.

To study this question, we collect 118 scientific law discovery problems in SCILAWS-BENCH
from active yet less popularized scientific literature rather than canonical textbooks, including 291
candidate laws, 381 scientific papers, and roughly 8M real data points. A cold-recall audit suggests
that these problems are less memorized than canonical textbook equations (Section 2.2).

As illustrated in Figure 1, each curated problem is instantiated in two complementary evaluation set-
tings: SCILAWS-REAL for open-ended empirical discovery and SCILAWS-PARALLEL for verifiable
structural discovery. SCILAWS-REAL asks models to discover a closed-form law from fixed real
observations, reflecting scientific settings in which the available evidence has already been collected
(Section 2.3). Published formulas serve as reference baselines rather than recovery targets, and
proposals are evaluated separately for held-out predictive fit and source-grounded scientific validity.
SCILAWS-PARALLEL turns the same problem into an active, queryable world while preserving its
scientific context (Section 2.4). Its generating mechanism is a newly synthesized structural variant of
a published formula, with coefficients and residual noise calibrated to the corresponding real records
(e.g., adding the distance-dependent anelastic attenuation term to a published ground-motion law).
Starting without observations, models choose measurements and infer a fixed hidden law absent from
the source literature, enabling controlled evaluation of whether models can recover novel structure
rather than reproduce published formulas.

On SCILAWS-BENCH, we evaluate nine frontier LLMs spanning leading proprietary and open-weight
families, including GPT-5.5, Claude Opus 4.8, Gemini 3.5 Flash, and DeepSeek-V4 Pro. All models
are evaluated under the same ReAct-style agent framework, with access to a Python sandbox and, in
SCILAWS-PARALLEL, a fixed-budget experimentation interface, for up to 30 interaction turns per
trial. Our analysis reveals three central findings, with additional results reported in Section 3.

1. Models struggle to balance predictive fit and scientific validity. For example, a model’s best-fitting
formula on a nuclear-physics task introduces a nonexistent resonance peak. It therefore fails our
validity checks.

2. Models use memory to reproduce known laws, but struggle to discover novel structure. When
recall is weak, models explore beyond published formulas, but successful novel-structure recovery
remains rare.

3. Models generate better laws than they can reliably select. Best-of-N search exposes increasingly
strong candidates, but self-selection captures only a small fraction of the available gains.

Overall, current LLMs show evidence of scientific-law discovery capability, but this capability
remains far from reliable.
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Figure 2: The SCILAWS-BENCH construction pipeline.

2 SCILAWS-BENCH

2.1 BENCHMARK OVERVIEW

As illustrated in Figure 2, we curate linked paper-datasets to construct fixed-data SCILAWS-REAL
tasks, then build corresponding SCILAWS-PARALLEL worlds using synthesized hidden laws derived
from published forms. SCILAWS-BENCH comprises 118 problems across six disciplines, 291
candidate laws, 381 scientific papers, and roughly 8M real data points.

To better reflect real-world scientific law discovery, SCILAWS-BENCH inlcudes both single-group and
multi-group problems. Single-group problems use one global law and parameter set per task, whereas
multi-group problems share the same functional form across groups while allowing some parameter
values to vary. The latter design requires models to discover a generalizable law that transfers across
groups. Together with active querying in SCILAWS-PARALLEL, the single-/multi-group design
allows SCILAWS-BENCH to span a broader range of scientific discovery settings. Table 1 summarizes
the differences from prior benchmarks.

Table 1: Comparison of benchmark settings and primary evaluation targets.

Benchmark Task grounding
Real-data
grounding

Active
querying

Multi-
group laws Evaluation

AI Feynman (Udrescu & Tegmark, 2020) textbook equations – – – recovery
SRBench (La Cava et al., 2021) mixed regression data partial – – fit + subset recovery
SRSD (Matsubara et al., 2022) textbook equations – – – fit + recovery
LLM-SRBench (Shojaee et al., 2025b) transformed equations – – – recovery
EmpiricalBench (Cranmer, 2023) historical laws partial – – recovery
PHYSGYM (Chen et al., 2026) physics simulations – ✓ – hypothesis accuracy + fidelity
Gravity-Bench (Koblischke et al., 2025) gravity simulation – ✓ – fit
NewtonBench (Zheng et al., 2026) counterfactual simulations – ✓ – fit + recovery
SCILAWS-REAL (ours) scientific papers ✓ – ✓ fit + scientific validity
SCILAWS-PARALLEL (ours) scientific papers ✓ ✓ ✓ structural recovery
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2.2 SCIENTIFIC PROBLEM CURATION

We collect linked paper–dataset pairs across six scientific domains with LLM-assisted search and
initial screening, followed by human verification of critical eligibility decisions (Figure 2). We
focus on scientifically active, data-driven problems in collaboration with domain experts, prioritizing
topics where published laws leave room for improvement. Each retained problem must satisfy three
criteria: (1) the paper presents an established closed-form law with enough validity constraints; (2)
the dataset is publicly available and contains sufficient observations for reliable evaluation; and (3)
jointly, we exclude target leakage and require at least one published formula to outperform a naive
baseline. After filtering, papers are converted to Markdown and relevant task fields are extracted,
while associated data tables are merged and standardized for task construction.
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Figure 3: Memorization comparison.

During task building, we classify each retained problem
based on the grouping structure described in the source lit-
erature and data. Single-group problems are retained when
the source supports one global parameterization for the prob-
lem, whereas multi-group problems require related groups
governed by a common functional form with some param-
eters varying by group. This yields 66 single-group and 52
multi-group problems.

As a validity check of the curation, we perform a matched
eight-model cold-recall test and find substantially lower re-
call of SCILAWS-REAL target forms than AI-Feynman for-
mulas (Udrescu & Tegmark, 2020) (Figure 3), indicating
that the selected tasks are less readily addressed through di-
rect formula recall. The comparison uses the eight OpenAI
models common to both corpora, whereas the detailed mem-
orization analysis in Section 3.3 and Appendix E reports the
full nine-model results, same panel as the main Table 2.

2.3 SCILAWS-REAL

Empirical law discovery often proceeds from observational records that have already been collected.
SCILAWS-REAL evaluates whether an LLM-guided system use the fixed observations and scientific
context to propose closed-form laws that surpass published references.

Task construction. From curated papers and datasets, we build task metadata, executable reference
formulas in Python, cleaned data splits, and a frozen source-grounded validity rubric. Human
reviewers verify critical variable mappings, formula implementations, split rationales, and rubric
items against the cited sources.

Held-out splits. Grounded in the source literature, single-group tasks use task-specific splits for
interpolation, input-range extrapolation, temporal transfer, or cross-condition generalization. Multi-
group tasks hold out entire groups and divide each test group into a calibration subset to fit per-group
parameters and a disjoint evaluation subset to evaluate the shared law. For example, the multi-group
optical-dispersion task trains on 11 crystal materials and holds out three unseen materials: CdSe, TiO2,
and ZnWO4. For each held-out material, short-wavelength measurements calibrate the per-group
parameters and long-wavelength measurements evaluate the shared law. Task scores are averaged
equally across test groups.

Evaluation. For a task t, SCILAWS-REAL reports numeric fit SN (t) and scientific validity SV (t),
whose task-set averages are SN and SV . We report them separately because a law can fit held-out
records while violating paper-grounded scientific requirements.

Each task uses one primary metric from {rmse, smape, log_mae} (lower is better) or r2 (higher
is better). The raw metric value of the best-performing formula defines mref . A submission with
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metric value msub is normalized as

SN (t) =

⎧⎨⎩clip
(︂
1− 1

2
msub

mref
, 0, 1

)︂
, rmse, smape, log_mae ,

clip
(︂
0.5 + 1

2
msub−mref

1−mref
, 0, 1

)︂
, r2 .

(1)

The clipping operator bounds SN (t) to [0, 1]. The strongest published formula scores 0.5, and a
perfect predictor scores 1.0. The complete task-level protocol is given in Appendix C.1.

To compute SV (t), a code-enabled judge evaluates each item in the frozen task rubric through
deterministic probes and source inspection. A global anti-hacking item rejects submissions that move
degrees of freedom outside the declared law, such as lookup tables or excessive fitted constants. Let
at = 1 if the submission passes the anti-hacking check and at = 0 otherwise, and let Mt denote the
number of satisfied items among all Nt rubric items.

SV (t) = at
Mt

Nt
. (2)

The full judging protocol is provided in Appendices C.2 and C.3.

2.4 SCILAWS-PARALLEL

Scientific discovery often involves deciding what to measure in the first place as well as interpret-
ing existing fixed observations. SCILAWS-PARALLEL turns each curated problem inot an active,
queryable world with a fixed hidden law. It preserves from SCILAWS-REAL the scientific context,
admissible input ranges, validity constraints, and group structure, while replacing fixed observations
with a residual-calibrated simulator. The hidden target is a newly synthesized structural variant of
a published formula. Starting without observations, the models needs to select inputs (and groups
for multi-group tasks) within a task-specific query budget and infer the hidden law from returned
measurements.

Hidden law synthesis. Starting from the selected published baseline, multiple agents independently
propose structural variants (Figure 2). Candidates go through an initial execution and fit check,
followed by scientific-validity and integrity screening. Survivors will be evaluated by a final judge
based on simplicity, physical plausibility and source-consistency, yielding one winner as the hidden
law f(X).

Simulator construction. For a hidden law, parameters are fitted from real data globally for single-
group tasks and separately within each group for multi-group tasks. Residuals are then calculated
in a linear or logarithmic residual space. To better simulate real data noise, we first debias the
residuals by removing trends and leaving only random error, and then apply k-NN bootstrap for
noise resampling. Since empirical noise varies drastically across tasks, we calibrate the noise with a
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scaling factor to keep the hidden law identifiable under query budget. Finally, the resulting simulator
outputs y = f(X) + α · resample(X) with a valid input range and query budget. Figure 4 shows
representative calibrated worlds.

Evaluation. SCILAWS-PARALLEL measures recovery of hidden structure rather than predictive
fit. A code-enabled judge compares each submission with the hidden law. The five SS levels are 0
(invalid or unrelated), 0.25 (relevant variables or trends), 0.5 (published base form), 0.75 (base form
with most added terms), and 1 (complete hidden structure). The judging protocol and its validation
against five human experts are detailed in Section C and Appendix D.

3 EXPERIMENTS AND ANALYSIS

3.1 EXPERIMENTAL SETUP

Agent Setup. We evaluate every base model with the same ReAct-style agent framework (Yao et al.,
2023). The framework exposes three action spaces, the full prompt text is reproduced in Appendix F.

• Python sandbox. The agent can run Python to inspect data, perform calculations, fit constants, and
compare candidate formulas. The harness returns the printed output to the model for the next turn.
In SCILAWS-REAL, the sandbox starts with the fixed training records; in SCILAWS-PARALLEL,
its observation set grows only after simulator queries.

• Submission. Each trial ends with a Python formula scored by the evaluator. Single-group tasks use
one global predictor, while multi-group tasks require a shared functional form with a small number
of per-group parameters fitted by the harness.

• Experimentation. Active data collection is available only in SCILAWS-PARALLEL, where the
agent spends a fixed budget to choose inputs and receive datapoints generated by the simulator.

Evaluated Models. We evaluate GPT-5.5, GPT-5.4-mini, GPT-5-mini, and GPT-4o-mini (OpenAI,
2026); Claude Opus 4.8 (Anthropic, 2026); Gemini 3.5 Flash (Google DeepMind, 2026); DeepSeek-
V4 Pro (DeepSeek-AI, 2026); Qwen3.7-Max (Qwen Team, 2026); and GLM-5.2 (Z.ai, 2026; GLM-5
Team, 2026). The standard agent protocol allows up to 30 interaction turns and uses medium
reasoning effort for models that expose this control; full settings are provided in Appendix B.

Scoring and Validation. The SCILAWS-REAL numeric score SN is computed in closed form,
whereas three scores are assigned by an LLM judge: the SCILAWS-REAL validity score SV and the
SCILAWS-PARALLEL structure score SS by gpt-5.4-mini, and the cold-recall memorization
verdict (Section 3.3) by gpt-4.1. Against majority labels from five domain experts, the judges
attain Cohen’s κ = 0.77, 0.82, and 0.84 for memorization, validity, and structure, respectively,
with quadratic weighting for structure. All three values fall within the corresponding pairwise
human–human ranges (Appendix D).

3.2 MODEL PERFORMANCE ACROSS METRICS AND DOMAINS

Table 2 shows that GPT-5.5 leads all three aggregate metrics. Below GPT-5.5, no model consistently
ranks second, and several models move by three or more positions across SN , SV , and SS . Multi-
group scores are generally lower than single-group scores, most consistently for SV and SS .

High fit does not reliably imply high validity or correct structure recovery. On SCILAWS-REAL,
fit and validity attain only 54.9% tie-aware concordance across 3,616 within-task model pairs with
unequal SN . The concordance rises to 69.5% only when the required fit margin reaches ∆SN ≥ 0.4
(Figure 5(a); protocol in Appendix C.4). Across models, SCILAWS-REAL > Ref% and SCILAWS-
PARALLEL full-law recovery rise together, with Pearson r = 0.97, as shown in Figure 6(a,c). Within
GPT-5.5, however, the two outcomes are nearly uncorrelated across tasks (r = 0.04). Thus, models
with stronger aggregate performance tend to improve across metrics, but high fit on a particular
task does not reliably indicate either higher validity or recovery of the underlying structure. On the
proton form-factor task, all nine models submit physically valid forms (SV = 1.0) yet none beats the
published reference numerically and seven score at the floor (SN = 0; Appendix G.1). GPT-5.5 beats
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the published baseline on the CO2 Keeling curve (SN = 0.78) while recovering only its trend, and
fully recovers the Sellmeier dispersion law (SS = 1.0) while scoring below the baseline (SN = 0.21;
Appendices G.3 and G.4).

Table 2: Results of frontier models on SCILAWS-BENCH. All is the per-task mean over the full task
set; bold marks the best value in each column. Scores are reported as percentages (%).

SCILAWS-REAL SN SCILAWS-REAL SV SCILAWS-PARALLEL SS Rank

Base Model Single Multi All Single Multi All Single Multi All SN/SV /SS

GPT-5.5 52.44 48.66 50.77 87.79 74.29 81.84 60.23 55.77 58.26 1/1/1
Gemini 3.5 Flash 46.67 45.34 46.08 84.69 61.86 74.63 54.17 45.67 50.42 2/5/3
GLM-5.2 49.29 41.46 45.84 81.75 64.58 74.19 56.44 46.63 52.12 3/6/2
Claude Opus 4.8 45.71 43.96 44.94 88.03 70.35 80.24 53.03 46.15 50.00 4/3/5
DeepSeek-V4 Pro 42.21 46.18 43.96 83.75 78.19 81.30 51.14 48.08 49.79 5/2/6
Qwen3.7-Max 43.39 44.33 43.80 73.39 71.72 72.66 54.55 45.19 50.42 6/7/3
GPT-5-mini 39.79 41.82 40.69 79.39 74.03 77.03 44.70 44.71 44.70 7/4/7
GPT-5.4-mini 36.62 37.86 37.17 76.70 67.06 72.45 43.18 41.83 42.58 8/8/8
GPT-4o-mini 27.27 12.12 20.59 68.17 40.60 56.02 34.47 32.21 33.47 9/9/9

Aggregate rankings mask substantial domain-specific variation. Figure 5(b) shows that GPT-5.5
ranks first in SN in five of the six scientific domains but falls out of the top three in Biology, where
Gemini 3.5 Flash leads with 46.9% against GPT-5.5’s 41.0% (rank seven). The top-three sets also
shift across metrics: DeepSeek-V4 Pro leads SV in Materials & Engineering, Claude Opus 4.8 leads
SV in Social Sciences and SS in Astronomy, and GPT-5-mini leads SV in Biology. The aggregate
leaderboard therefore does not capture every model’s relative strengths across scientific domains.
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3.3 HOW MEMORIZATION SHAPES SCIENTIFIC DISCOVERY

Memory is a central challenge in evaluating scientific agents, since a formula reproduced from
memory may be indistinguishable from one inferred from task evidence (Xu et al., 2024; Li &
Flanigan, 2024). We first ask how readily models can reproduce a published formula from a restricted
description of the scientific problem, before seeing any task data. A task-level memorization audit
measures this behavior, after which we examine how it relates to performance against published
baselines and recovery of structure absent from the published formula.

Memorization audit. Given only the I/O variable specification, the model is asked to write the
formula in Python, and a calibrated LLM judges whether its output structurally matches the best-
baseline reference. We validate the judge against five human experts in Appendix D. Following
extraction-based measurement of memorization (Carlini et al., 2021; Hayes et al., 2025), we draw five
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samples per task–model pair and consider the pair cold-recalled when at least three of them match.
Across the 118 tasks, only 11.9% are recalled by all nine models while 47.5% are recalled by none,
forming a discovery moat. Even GPT-5.5 can only cold-recall 34.7% of the tasks. This task-level
pattern is stable across the six audited vendors (Appendix E).

On SCILAWS-REAL, models beat published baselines more often on formulas they cannot
recall. We split the 118 tasks into Canon (14), Mid (48), and Moat (56), where Canon formulas are
cold-recalled by nearly all models and Moat formulas by none. Mean SN is nearly unchanged across
the three tiers, but its composition is not: from Canon to Moat, GPT-5.5’s > Ref% rises from 21% to
54% while its near-reference share falls sharply (Figure 6(a)), and weaker models move the same
way. On Canon tasks a model can recall the well-known formula and match the best baseline’s fit but
rarely proposes a stronger one; on Moat tasks there is no published form to recall, so a model likely
needs to fit a new form from the data, which is more consistent with data-driven fitting than formula
reproduction and can exceed the weaker published reference. For example, on the canonical gravity
task GPT-5.5 recalls the textbook Somigliana constants and only ties the published reference, whereas
on the discovery-moat DNA-melting task, with no formula to recall, it builds a new nearest-neighbor
form from the data that beats it (SN = 0.79).

On SCILAWS-PARALLEL, memorization helps recover the published form, but cannot help
discover the added terms. Each hidden law combines a published closed-form with synthesized
added terms that fit the real data about as well, giving two recovery levels: the published form and
the full law. Across cold-recall tiers, published-form recovery falls from 0.85 on Canon to 0.59 on
Moat, whereas full-law recovery stays near 0.08 at every tier (Figure 6(b)). Across models, however,
full-law recovery rises with capability, from 0% for GPT-4o-mini to 21% for GPT-5.5 (Figure 6(c)),
including on Moat tasks where almost no model can recall the published form. Thus, recovering the
added terms requires data-driven discovery capability rather than memorization. For instance, on the
canonical Beer–Lambert absorbance task all nine models recover the textbook A = εcl law, yet none
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recovers the hidden law’s added deviation term εdev c
p: weaker models drop it, stronger ones only

hard-code a fixed c2.

3.4 BEST-OF-N SEARCH REVEALS A SELECTION BOTTLENECK

Test-time scaling can increase either the depth of a single discovery trajectory or the breadth of
search across independent trajectories. Because our standard agent already performs multi-turn
refinement within each trajectory, we study breadth scaling through best-of-N sampling under a fixed
per-trajectory budget, followed by model-based selection among the resulting laws. Larger pools
contain better candidates in both predictive fit and scientific validity, but self-selection realizes little
of this headroom, making selection the primary bottleneck under this setting.

We study GPT-5.4-mini on SCILAWS-REAL, drawing 20 candidates per task and using the same
model to select among them in a knockout tournament. The selector receives the task description,
the full training set, and the candidate programs, but receives neither held-out test data nor feedback
from the official evaluators. We then score the full pools on SN and SV to compare self-selection
with post hoc metric-specific oracles and Pareto analyses (Appendix B.4).

Larger candidate pools contain better laws, but self-selection fails to exploit the additional
headroom. From N = 5 to N = 20, the metric-specific oracle scores rise by 4.5 percentage points
in numeric fit and 5.3 percentage points in scientific validity, whereas self-selected performance
improves by less than 2 percentage points on either metric (Figure 7). Better candidates therefore
continue to appear as the pool grows, shifting the bottleneck from candidate generation to selection
under this setting.

Selection errors persist even when they cannot be explained by a fit–validity trade-off. Within
the five-candidate groups directly presented to the selector, 60% of group winners are Pareto-
dominated by another candidate, meaning that another generated formula scores no lower on either
metric and strictly higher on at least one. Across the full 20-candidate pools, 12.7% of self-selected
winners lie on the Pareto front, compared with 9.6% under random selection. The joint-balance
summary shows the same remaining headroom: at N = 20, the oracle best-of-N reaches 0.93, while
self-selection reaches 0.61 (Figure 7(c)). Thus, many selection errors miss strict Pareto improvements
rather than reflecting different preferences over predictive fit and scientific validity.
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4 RELATED WORK

Symbolic Regression. Symbolic regression recovers compact mathematical expressions from
observed input–output pairs. Classical methods directly search the expression space using genetic
programming, sparse identification, or other program-search procedures (Schmidt & Lipson, 2009;
Cranmer, 2023; Udrescu & Tegmark, 2020; Brunton et al., 2016; Randall et al., 2022; Burlacu et al.,
2020), while neural approaches learn priors over equations from large synthetic corpora (Biggio et al.,
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2021; Kamienny et al., 2022; Valipour et al., 2021). These methods primarily optimize symbolic
formulas against tabular observations, whereas our setting evaluates whether LLMs can combine data
with scientific context to discover valid scientific relationships. We therefore do not position classical
symbolic regression as our comparison target.

AI for Scientific Discovery. Recent systems increasingly use LLMs as scientific agents that propose
hypotheses, run code, and inspect evidence, including the AI Scientist, AI Scientist-v2, and Co-
Scientist (Lu et al., 2024; Yamada et al., 2025; Gottweis et al., 2026). A complementary line improves
the agents themselves rather than the science: REVERE distills recurring cross-repository failure
modes into reusable heuristics that rewrite the agent’s own prompts (Gangireddi et al., 2026). In
equation discovery, LLM-SR iteratively refines programmatic equations (Shojaee et al., 2025a),
SR-Scientist extends this process to longer-horizon code-driven exploration (Xia et al., 2026), and
RESTART transfers successful sub-expressions across related problems (Li & Pan, 2026). These
systems motivate evaluating whether LLMs can use scientific context and iterative experimentation,
rather than only recover closed-form equations from synthetic samples.

Discovery Benchmarks. AI Feynman, SRBench, SRSD, LLM-SRBench, and EmpiricalBench
focus on formula recovery (Udrescu & Tegmark, 2020; La Cava et al., 2021; Matsubara et al., 2022;
Shojaee et al., 2025b; Cranmer, 2023). DiscoveryBench, ScienceAgentBench, and MoSciBench
broaden evaluation to data-driven scientific workflows (Majumder et al., 2025; Chen et al., 2025;
Liu et al., 2026), while SciGym, PhysGym, Gravity-Bench-v1, and NewtonBench place agents in
interactive simulated environments (Duan et al., 2026; Chen et al., 2026; Koblischke et al., 2025;
Zheng et al., 2026). These benchmarks are useful anchors for formula recovery and active exploration.
SCILAWS-BENCH targets a different combination: multi-disciplinary empirical laws, real scientific
data, domain-knowledge requirements, and paper-grounded validity checks.

5 CONCLUSION

We introduced SCILAWS-BENCH, which pairs paper-grounded fixed-record discovery with active
structural identification in residual-calibrated parallel worlds. Our evaluation yields three main
findings. Predictive fit does not reliably establish scientific validity. Memorization helps models
reproduce published laws but not discover new structure. In our best-of-N study, larger candidate
pools contain better laws, but the model often fails to select them. By separating fit, validity, memo-
rization, structure recovery, and selection, SCILAWS-BENCH provides a more complete evaluation
of scientific law discovery. Future work can build on this framework to develop agents that design
informative experiments, reason beyond memorized laws, and reliably identify scientifically valid
hypotheses.
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A RESIDUAL-CALIBRATED SCILAWS-PARALLEL WORLDS

This appendix details the construction of the queryable worlds used by SCILAWS-PARALLEL. Each
world combines a synthesized hidden law with an input-dependent residual process estimated from
the corresponding real records. Rather than impose a task-independent parametric noise model, the
construction grounds both the input support and residual variation in an empirical scientific problem.
The residual scale is reduced only when necessary to maintain a minimum signal-to-noise ratio under
bounded experimentation.

Input: Original Formulas 
Artifact #1: Formula Functions

duflo_1995.py

"""Duflo3Zuker (1995) 4 asymptotic liquid-drop limit (6p)."""
import numpy as np

USED_INPUTS = ["Z", "N", "A", ...]
LAW_CONSTANTS = {"a_vol": 15.42, "a_surf": -17.56, ...}
OTHER_CONSTANTS = {"vc_coef": 0.76}
LOCAL_FITTABLE = {}

def predict(X, a_vol, a_surf, ...):
Z, A = X[:, 0], X[:, 2]
...
return E / A

wang_2014.py

"""Wang3Liu3Zhao (2014) 4 WS4 liquid-drop mass formula."""
import numpy as np

USED_INPUTS = ["Z", "N", ...]
LAW_CONSTANTS = {"a_v": -15.5181, "a_s": 17.4090, ...}
OTHER_CONSTANTS = {"coul_fs": 0.76, ...}
LOCAL_FITTABLE = {}

def predict(X, a_v, a_s, ...):
Z, A = X[:, 0], X[:, 2]
...
return -E_LD / A
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N-Z N Z A EL BIND.E/A
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0 2 2 4 He 7073.9156 &
-1 3 2 5 He 5512.1325 &

1 1 0 1 n 0.0 &
-3 0 3 3 Li -2267# &
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Step1: Clean Raw Dataset
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- Remove element col because it
  cases leakage and tautology

- Split by proton number at the
  lead/bismuth line for OOD test
- This tests formula generalization

Artifact #3: Processed Dataset
Step2: Prepare for SR Taskmetadata.yaml

task_id: nuclear_binding_energy_ame2020__BE_per_A
domain: astronomy / nuclear_astrophysics
license: CC0-1.0
type: typeI
has_group_id: false
context: Nuclear binding energy is the energy that &

target:
name: BE_per_A
# &

inputs:
- name: Z
range: {train: [1, 82], test: [83, 110]}
# &

- # &

references:
- id: wang_2014
label: Wang3Liu3Zhao 2014 4 WS4 liquid-drop (Eq. 1)
formula_file: formulas/wang_2014.py
reference_pdf: reference/wang_2014.pdf
n_law_constants: 9
n_other_constants: 4
n_local_params: 0
measured: {rmse: 0.0145, r2: 0.9874}

- id: duflo_1995 # + weizsacker_1935, moller_1995

validity_rubrics:
- includes Coulomb repulsion among protons &
- # &

metric: rmse
best_baseline: 0.0145 # wang_2014

caps:
max_law_constants: 9
# &
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Figure 8: Worked example of the SCILAWS-BENCH construction pipeline, from paper–dataset
curation and a fixed-data SCILAWS-REAL task to hidden-law synthesis and a residual-calibrated
SCILAWS-PARALLEL world.

A.1 CONSTRUCTION DATA AND HIDDEN LAW

For task t, let Dt = {(xi, yi, gi)}nt
i=1 denote the corresponding real records, where xi contains the

candidate scientific inputs, yi is the measured target, and gi is an optional group identifier. Simulator
construction pools all available records from the predefined SCILAWS-REAL splits because these
records calibrate a separate SCILAWS-PARALLEL world rather than evaluate a submitted law. The
solver receives none of these records and begins its SCILAWS-PARALLEL trial without observations.

We first select a published reference whose functional form provides a suitable starting point for
synthesis. For each nondegenerate reference fb, its coefficients are refitted and its residuals are
computed in the task-specific residual space defined below. Let ˆ︁mb(xi) be a local k-nearest-neighbor
estimate of the mean residual at xi. For each single-group reference, we compute

Bb =
Vari[ˆ︁mb(xi)]

Vari[r
(b)
i ]

, (3)

and select the form with the smallest Bb among references with nonnegative residual-space R2. For
multi-group tasks, both quantities are computed within each group and aggregated by their medians,
using a fixed sample of at most 40 groups during this selection stage. If no reference has nonnegative
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residual-space R2, the same criterion is applied to all nondegenerate references. This procedure
favors a functional form with little systematic residual structure rather than simply the smallest
aggregate prediction error.

Multiple agents then propose structural variants of the selected reference under the source problem’s
scientific context and validity requirements. The candidate screen checks execution, predictive
adequacy, scientific constraints, and integrity of the symbolic representation. A separate judge selects
the hidden law Ft among admissible variants according to physical plausibility, simplicity, and
consistency with the source problem, using predictive fit only as an eligibility criterion. The selected
variant differs structurally from its published starting point and is fixed before solver evaluation.

A.2 COEFFICIENT FITTING AND RESIDUAL SPACE

We define a task-specific transformation

ϕt(y) =

{︃
log10(max{y, ϵ}) logarithmic residual space,
y linear residual space

, (4)

where ϵ is a small positive floor. Logarithmic residuals are used for log_mae tasks and for positive,
multi-decade targets evaluated with a relative-error metric. All other tasks use linear residuals.

For single-group tasks, the shared constants of Ft are refitted by nonlinear least squares in the
selected residual space, and the refit is retained only when it does not reduce residual-space R2. For
multi-group tasks, the declared per-group parameters are estimated separately within each group
while shared constants remain common across groups. Groups with fewer than eight usable records
are omitted because they do not support both per-group fitting and residual calibration. Writing ˆ︁θt,g
for the resulting parameter values, the residual associated with record i is

ri = ϕt(yi)− ϕt

(︂
Ft(xi; ˆ︁θt,gi))︂ . (5)

A.3 DEBIASED LOCAL RESIDUAL BOOTSTRAP

Raw residuals contain both local measurement variation and systematic mismatch between the
selected law and the real records. Injecting the systematic component would make the simulator’s
effective mean response equal to the hidden law plus an unmodeled residual trend. We therefore
estimate the local mean ˆ︁mt(x) =

1

|Nk(x)|
∑︂

j∈Nk(x)

rj , (6)

and form debiased residuals ˜︁ri = ri − ˆ︁mt(xi). Neighbor distances are computed after standardizing
each input, with positive inputs spanning more than one decade transformed to logarithmic scale.
The local-mean neighborhood contains approximately 25% of the available records, subject to
sample-size-dependent bounds and a maximum of 128 neighbors.

At a query point x, the residual sampler draws uniformly from the debiased residuals in a second
local neighborhood: ˜︁Rt(x) ∼ Unif{˜︁rj : j ∈ Nk′(x)}. (7)
The sampling neighborhood uses approximately 15% of the records, clipped to between 8 and 64
neighbors when the sample size permits. For smaller samples, the procedure draws from the global
residual pool. This nonparametric bootstrap retains local empirical variation and non-Gaussian
residual shape without claiming that the finite records identify the complete measurement process.

A.4 NOISE CALIBRATION AND WORLD DEFINITION

The residual magnitude varies widely across scientific problems and can obscure the target law under
a bounded query budget. We therefore allow only downward calibration of the debiased residual
scale. Let vf,t,g be the variance of ϕt(Ft(X; ˆ︁θt,g)) over the calibration inputs for group g, and let
vr,t,g be the variance of its debiased residuals. For target ρ = 0.9, the calibration factor is

st,g = min

{︄
1,

√︄
1− ρ

ρ

vf,t,g
vr,t,g

}︄
. (8)
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For tasks with exactly one input column, vf,t,g is estimated from points spanning the observed
support, using logarithmic sampling when appropriate. For multivariate inputs, it is estimated by
resampling observed input rows so that empirical correlations among inputs are not broken.

The queryable world is defined in residual space by

ϕt(Yt,g(x)) = ϕt

(︂
Ft(x; ˆ︁θt,g))︂+ st,g ˜︁Rt,g(x). (9)

Equation 9 is additive for linear-space tasks and multiplicative after inversion for logarithmic-space
tasks. A factor st,g = 1 retains the debiased empirical residual scale, whereas st,g < 1 reduces
it. Because the factor is capped at one, the construction never amplifies residual noise and targets
residual-space R2 ≥ 0.9 rather than forcing every world to have exactly the same R2.

A.5 SINGLE-GROUP AND MULTI-GROUP WORLDS

Single-group worlds use one fitted constant set, input support, residual sampler, and calibration factor
for the task. Multi-group worlds use the same hidden functional form in every group but estimate the
per-group parameters, input support, residual sampler, and calibration factor separately for each group.
The resulting groups therefore share the recovery target while retaining group-specific parameter
values and empirical variation. Structural evaluation concerns the shared law and its declared pattern
of shared constants and per-group parameters, not a model of group identifiers alone.

A.6 QUERY AND EVALUATION PROTOCOL

Each trial begins with an empty observation set. The solver collects measurements by choosing
input values and, for multi-group tasks, the group to query. Inputs outside the calibrated support are
clipped to the nearest boundary and reported as such. Returned measurements accumulate in the
solver’s analysis environment, while the hidden law, its fitted quantities, and residual sampler remain
inaccessible.

All evaluated models receive the same task-specific query limits. A trial permits at most ten experiment
calls. Each call accepts at most max{10, ⌊0.1ntrain

t ⌋} input points and up to three independent
samples per point, where ntrain

t is the size of the corresponding SCILAWS-REAL training set. These
limits allow adaptive allocation of measurements while keeping experimental access comparable
across models.

SCILAWS-PARALLEL is scored by structural recovery rather than held-out prediction. After sub-
mission, a code-enabled judge compares the proposed law with Ft under the ordinal protocol in
Appendix C.5. The benchmark does not compute a SCILAWS-PARALLEL numeric-fit or scientific-
validity score.
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B EXPERIMENTAL PROTOCOL

B.1 BASE-MODEL DECODING SETTINGS

We hold the agent interface, task inputs, interaction budget, and scoring protocol fixed across models.
Because providers expose different reasoning and decoding controls, we standardize configurations
where possible and report the remaining differences explicitly.

Three conventions hold across the whole panel. First, we never override top_p, top_k,
repetition_penalty, presence_penalty, or frequency_penalty: they stay at
provider defaults, and streaming is disabled throughout.

Second, every model with a reasoning head is run at the medium reasoning tier, using whichever
knob its provider exposes — reasoning_effort=medium on the GPT-5 series, the equivalent
reasoning.effort field for GLM-5.2, DeepSeek-V4 Pro, Qwen3.7-Max and Claude Opus 4.8,
and the corresponding medium thinking budget for Gemini 3.5 Flash. Holding the tier fixed is what
makes the rows of Table 2 comparable: the panel is meant to vary base-model capability, not how
much test-time compute each vendor happens to spend by default. GPT-4o-mini has no reasoning
head and is therefore non-thinking by construction.

Third, decoding parameters follow the reasoning split. Thinking models receive no temperature
override — several providers reject an explicit value on reasoning endpoints — and run at the service-
side default (≈ 1.0) with a 65,536-token completion budget. GPT-4o-mini, the one non-thinking
model, uses temperature=0.4 with an 8,192-token cap. The larger budget is deliberate: on
every provider we use, the reasoning trace and the visible tool block are drawn from the same
completion pool, and a smaller cap truncates <python> bodies mid-expression, which surfaces as
finish_reason=length rather than as a clean error.

B.2 AGENT HARNESS CONFIGURATION

The agent interacts with the task through exactly three XML tools: <python> for sandboxed analy-
sis, <experiment> for simulator queries (SCILAWS-PARALLEL only), and <final_formula>
for submission. The protocol is one tool per turn; if a response contains several tool blocks, the
harness executes only the first one it sees and ignores the rest. The shared loop runs for at most
max_turns=30 turns per task. The final turn is a forced-submission turn: the model is told that only
<final_formula> will be accepted, and if that turn still fails to produce a parseable submission
it is given exactly one retry before the task is recorded as unsubmitted. Unsubmitted tasks are not
dropped from the denominator: under the strict aggregation of Section C they enter every reported
mean with a score of 0, so a model that runs out of turns is penalised exactly as much as one that
submits an unusable formula.

The <python> sandbox preloads train_df, X_train, y_train, and (on multi-group tasks)
group_ids_train, with numpy, scipy, and pandas already imported. Imports are re-
stricted to a whitelist (numpy, scipy, sklearn, pandas, math, statistics, itertools,
functools, collections, warnings); filesystem, network, and introspection modules are
blocked, as are direct file reads of the task directory, so the agent cannot recover the held-out split
or the hidden generator by any route other than the tools. Each <python> call is killed after 100
seconds of wall time and the timeout is returned to the model as an ordinary tool error, leaving it free
to retry with cheaper code. Individual API calls time out after 120 seconds with a single retry; a call
that still fails surfaces as an error inside the loop rather than aborting the task, so a task is only lost if
it exhausts its turns without submitting.

B.3 SETTING-SPECIFIC PROTOCOL

In SCILAWS-REAL the fixed training split is available to the sandbox from the first turn, and the
prompt additionally states the per-column input ranges of the held-out evaluation split. These ranges
make the intended evaluation regime explicit without revealing the held-out outcomes. The task-
specific splits include representative interpolation, input-range extrapolation, temporal holdouts,
cross-condition generalization, and, for multi-group tasks, transfer to unseen groups (Section 2.3).
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In SCILAWS-PARALLEL no observations are preloaded. The agent starts with an empty train_df
and must populate it through <experiment>, and at least one experiment is required before
<final_formula> is accepted. Queries are capped along three axes: at most 10 <experiment>
calls per task, at most max(10, ⌊0.1ntrain⌋) distinct input points per call, and at most 3 repeated
samples per point, where ntrain is the task’s original training-set size. The binding constraint is the
number of distinct design points: ten calls of 0.1ntrain points each give the agent a design budget
of about ntrain points, matching the size of the SCILAWS-REAL split it would otherwise have been
handed. The extra factor of three buys only repeated measurements at an already-chosen point, i.e.
noise averaging rather than coverage. Structure recovery therefore has to come from where the agent
probes, not from how much data it can accumulate. Each returned batch is summarised back to
the model as a preview of 10 rows plus batch statistics, with the full batch left in train_df for
inspection from the sandbox.

For evaluation we use GPT-5.4-mini as the judge model for the validity and structure scores, running
as a code-executing judge agent so that rubric items requiring probes of the submitted formula can be
checked by execution rather than by inspection alone; the judge prompts and the verdict vocabulary
are given in Section C.

B.4 INFERENCE-TIME SEARCH AND SELECTION

We evaluate inference-time search on all 118 SCILAWS-REAL tasks using GPT-5.4-mini for both
candidate generation and selection. For each task, we sample 20 candidate trajectories under the same
task interface and per-trajectory budget. The N = 1 point is the model’s standard single-trajectory
result from the main evaluation rather than a member of the 20-candidate pool. Malformed or
non-executing submissions receive zero under the corresponding official evaluator.

Self-selection. The 20 candidates are partitioned into four disjoint groups of five. For each group,
the same model selects one winner after receiving the task description, full training set, and five
candidate programs. The four group winners define the reported N = 5 result, which averages their
scores for each task. They then enter a second selection round, whose winner defines N = 20. The
selector receives neither the held-out test set nor scores or feedback from the official evaluators. All
official scores are computed post hoc.

Metric-specific oracles. For a candidate-level quantity q, the N = 5 oracle is the exact expected
maximum of q over a uniformly sampled five-candidate subset of the 20-candidate pool. The N = 20
oracle is the maximum over the full pool. We apply this definition separately to SN , SV , and the
joint-balance score below.

For a task-specific 20-candidate pool Pt, we normalize m ∈ {SN , SV } as

˜︁mt(c) =
m(c)−minc′∈Pt

m(c′)

maxc′∈Pt m(c′)−minc′∈Pt m(c′)
.

If the denominator is zero, all candidates receive normalized score one. The separate N = 1 baseline
is normalized against the same pool range and clipped to [0, 1]. Joint balance is

Jt(c) = min{˜︁SN,t(c), ˜︁SV,t(c)},

and the joint oracle maximizes Jt under the oracle construction above.

Candidate c′ Pareto-dominates c when SN (c′) ≥ SN (c) and SV (c
′) ≥ SV (c), with at least one strict

inequality. Tied or duplicate candidates therefore do not dominate one another. Confidence intervals
in Figure 7 use 50,000 task-bootstrap replicates.
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C EVALUATION PROTOCOL AND VERBATIM JUDGE PROMPTS

This appendix specifies the setting-specific evaluation protocols and reproduces the complete
prompts used by the two code-executing judges. SCILAWS-REAL reports numeric_score and
validity_score separately, whereas SCILAWS-PARALLEL reports structure_score for
recovery of the hidden simulator mechanism.

C.1 SCILAWS-REAL REFERENCE-RELATIVE NUMERIC SCORING

The numeric channel asks whether a submitted expression predicts held-out data better than the
strongest published formula collected for the task. Each task specifies one primary raw metric from
{rmse, smape, log_mae} (lower is better) or r2 (higher is better). The perfect value is 0 for the
first three metrics and 1 for r2.

Let Bt denote the set of published formulas proposed by domain researchers and collected for task t.
We evaluate every formula under the same split and fitting protocol as submissions and select the
strongest reference:

b⋆t =

{︃
argminb∈Bt

m(b), lower-is-better metric,
argmaxb∈Bt

m(b), higher-is-better metric.

Its raw metric value m(b⋆t ) defines mref . A submission with raw metric msub receives

SN (t) = clip

(︃
1− 1

2

msub

mref
, 0, 1

)︃
for lower-is-better metrics, and

SN (t) = clip

(︃
0.5 +

1

2

msub −mref

1−mref
, 0, 1

)︃
for higher-is-better metrics. The clipping operator bounds SN (t) to [0, 1]. The strongest collected
formula scores 0.5, and a perfect predictor scores 1.0.

Single-group tasks. The submitted module declares the columns it uses and defines a single
predict function. The evaluator builds the held-out input matrix in that declared column order and
computes the task’s raw metric on the held-out test split. Contract violations, failed imports, runtime
errors, shape mismatches, and non-finite predictions receive a zero numeric score.

Multi-group tasks. Multi-group tasks test whether a functional form transfers across groups
while allowing a small number of per-group parameters to vary. The submission declares
LOCAL_FITTABLE parameters and supplies a fit routine. For each test group, the evaluator
fits those per-group parameters on the group’s fit window and then evaluates predict on the
held-out window from the same group. The group scores are averaged with equal weight. Failed
groups score 0. If the best reference is already effectively perfect on a group, that group is excluded
because it no longer discriminates between submissions.

C.2 SCILAWS-REAL VALIDITY JUDGE

The validity channel asks whether a formula behaves like a plausible scientific law, rather than
merely fitting the held-out observations. Each task contains frozen validity rubrics derived from
the source problem. Rubrics include behavioral checks, such as monotonicity, finite outputs, non-
negativity, bounds, limits, and separability, and structural checks, such as required variable depen-
dencies or the presence of a physically meaningful term. Coefficient accuracy is intentionally left to
numeric_score; validity focuses on functional behavior and scientific form.

We use a code-executing agent because many rubric items require evaluating the submitted formula
on controlled probes. For each task, the judge receives the metadata, observations, rubric list, and
submitted formula, and returns rubric-level verdicts in JSON. The complete evaluator prompt is
reproduced below; it is quoted verbatim and uses cluster for what the main text calls a group.
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You are a VALIDITY JUDGE for SciLaws-Real.

Read only the staged task directories listed below. Write only JSON result
files under the output directory. Do not edit existing repository files.

For EACH staged task:
1. Read validity_rubrics.json and score the rubric list.
2. Read metadata.yaml for target, inputs, and task type.
3. Read and execute submission.py in an isolated namespace. Extract predict,

USED_INPUTS, LAW_CONSTANTS, and, for multi-group tasks, fit and LOCAL_FITTABLE. If
import or contract execution fails, write validity_score=null with an
error string.

4. Build X from the declared USED_INPUTS.
- Single-group: evaluate the held-out test data.
- Multi-group: group the fit split by group_id, call fit on representative
clusters, then call predict with the fitted local parameters.

5. Build deterministic domain grids over each used input’s observed min/max
range while holding other inputs at their median.

6. Score each rubric as Y or N. Prefer computed evidence:
- behavioral: finite-difference monotonicity, min/max range checks, sign,
non-negativity, bounds, limits, mixed differences for separability.

- structural: numeric probes where possible, otherwise source inspection.
Functionally equivalent terms count; coefficient accuracy belongs to
numeric_score, not validity_score.

- constant-discipline / no-cap-evasion: use source inspection, metadata
caps, and final submitted code. Mark N for fitted/data-derived lookup
tables, profiles, train/test aggregates, large literal arrays, or obvious
attempts to move degrees of freedom outside the stated caps.

Write exactly one JSON per task:
{
"task": "<stage_id>",
"n_satisfied": <int or null>,
"n_total": <int or null>,
"validity_score": <number or null>,
"error": <string or null>,
"rubrics": [

{"i": 1, "verdict": "Y|N", "kind": "behavioral|structural",
"evidence": "one-line computed or source evidence"}

]
}

For a task with N applicable rubric items and M satisfied items, the score is M/N . The aggregate
mean_scored averages finite task scores. The stricter aggregate strict_mean averages all
staged tasks and treats missing, null, or errored scores as 0.

C.3 SCILAWS-REAL ANTI-HACKING RUBRIC

Closed-form discovery benchmarks are vulnerable to submissions that hide memorization or high-
dimensional fitting capacity inside code while still presenting a superficially simple predict
function. The evaluator therefore appends a global anti-hacking rubric to every task. The rubric
does not penalize legitimate fitted constants; instead, it asks whether the submission circumvents the
declared law contract.

The judge marks this rubric as failed when a submission stores many extra degrees of freedom
outside the declared interface, for example: large literal arrays, lookup tables keyed by input
values, copied training or test aggregates, per-group profiles, excessive LAW_CONSTANTS, too many
LOCAL_FITTABLE parameters, oversized initialization lists, or other code paths that approximate
the dataset rather than express a law. This catches the failure mode in which a model writes many
parameters to force a good numeric fit instead of discovering a compact functional relationship.
During aggregation, a failed anti-hacking verdict hard-gates the final validity_score for that
task to 0.

C.4 FIT–VALIDITY CONCORDANCE

For each task, we form every unordered pair of executable model submissions with unequal numeric-
fit scores. We orient each pair so that submission i has the higher numeric fit, ∆SN = S

(i)
N −S

(j)
N > 0,
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and retain it when ∆SN ≥ τ . Its tie-aware concordance contribution is

hij =

⎧⎪⎨⎪⎩
1, S

(i)
V > S

(j)
V ,

1
2 , S

(i)
V = S

(j)
V ,

0, S
(i)
V < S

(j)
V .

Here SV is the official validity score after applying the anti-hacking gate. We report the mean of
hij over all retained task–model pairs. At τ = 0, this includes 3,616 pairs. The 50% reference
corresponds to no directional association between the two rankings, with validity ties divided equally
between agreement and disagreement. Confidence intervals are obtained from 20,000 bootstrap
samples of tasks, retaining all eligible model pairs within each sampled task.

C.5 SCILAWS-PARALLEL STRUCTURE-RECOVERY JUDGE

SCILAWS-PARALLEL is scored against the hidden simulator mechanism, not against a held-out
prediction metric. During a trial, the solver sees only public task metadata and may collect obser-
vations by querying the simulator. After the final formula is submitted, the evaluator stages three
files for each task: metadata.yaml, the hidden formula.py defining Gt, and the solver’s
submission.py. A codeagent judge then assigns an ordinal structure_score.

The allowed scores are:
{0.00, 0.25, 0.50, 0.75, 1.00}.

The levels correspond to: unrelated or invalid; relevant variables or trend only; published form
recovered; published form plus most important added terms recovered; and full hidden-structure
recovery up to algebraic equivalence. The judge may use source inspection and small diagnostic
probes over the metadata input ranges, but it is instructed not to compute prediction scores, validity
scores, test RMSE, or leaderboard-style performance. This prevents dense simulator probing from
being rewarded unless it leads to the right governing law.

The complete evaluator prompt is reproduced below.

You are a PARALLEL STRUCTURE JUDGE for SciLaws-Parallel.

Read only the staged task directories listed below. Write only JSON result
files under the output directory. Do not edit existing repository files.

Goal:
Score whether the submitted formula recovers the hidden simulator GT mechanism
structure. This is NOT a prediction-score task.

Allowed structure_score values are exactly:
- 0.00: unrelated / invalid
- 0.25: relevant variables or trend only
- 0.50: main structure recovered
- 0.75: main structure + most extra terms recovered
- 1.00: full GT structure up to algebraic equivalence, coefficient signs/scales

consistent

For EACH staged task:
1. Read task_dir/metadata.yaml for target and input names.
2. Read task_dir/formula.py as the hidden simulator GT. Treat this as the

reference mechanism, not as public solver context.
3. Read task_dir/submission.py as the solver answer.
4. Compare GT and submission by source inspection and, if useful, small

diagnostic Python probes over metadata input ranges. Do not compute or report
prediction scores, validity scores, test RMSE, or leaderboard-style
performance.

5. Count algebraic equivalence as correct: renaming helper variables, factoring
terms, log-base changes with transformed coefficients, and equivalent
reparameterizations should not be penalized.

6. Penalize missing mechanism terms even if predictions are close, including
task-specific correction terms, interaction terms, saturation terms,
piecewise regimes, offsets, exponents, and nested transforms.

7. Coefficients should affect only the jump from 0.75 to 1.00 unless the wrong
sign or order of magnitude changes the mechanism.

Write exactly one JSON per task:
{
"task": "<stage_id>",
"structure_score": 0.0 | 0.25 | 0.5 | 0.75 | 1.0,
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"level": "unrelated_or_invalid | variables_or_trend_only | main_structure |
main_plus_extra_terms | full_gt_structure",

"error": <string or null>,
"gt_summary": "one-line GT mechanism summary",
"submission_summary": "one-line submitted mechanism summary",
"matched": ["short evidence bullets"],
"missed": ["short missed-structure bullets"],
"coefficient_assessment": "short note on signs/scales/equivalence"

}

Contract failures, missing predict functions, wrong target shapes, invalid judge outputs, or failed
imports receive structure_score=0. The aggregate report includes the mean over finite judge
outputs and a strict mean that treats missing, failed, or errored judgments as zero.

D HUMAN VALIDATION OF THE LLM JUDGES

Three of the scores in this paper are produced by an LLM judge rather than computed in closed
form: the SCILAWS-REAL validity score SV and the SCILAWS-PARALLEL structure score SS in
Table 2 are assigned by gpt-5.4-mini, and the cold-recall memorization audit (Section 3.3) uses
gpt-4.1 to decide, for each data-free model output, whether it matches the published reference
form. The task-level cold-recall verdict is not itself an LLM decision: it follows deterministically
from five such judgments by a ≥3/5 majority rule (Appendix E). Because these judges stand in for
human scientific judgment, we validate all three against people. Five domain experts independently
re-labeled a stratified sample of each judge’s own decisions, blind to the judge’s label and to the
model identity, and we compare the judge–human agreement against the agreement among the experts
themselves. On all three dimensions the judge–human agreement falls within the range of pairwise
human–human agreement (Table 3, Figure 9), which supports using the judges to score the benchmark
at scale.

D.1 SAMPLING DESIGN

We use a two-stage stratified sampling design. First, we draw the same number of items from every
model — 15 from each of the nine main-table models, for 135 items per score — so the judge is
checked equally on strong and weak models, rather than mostly on whichever model happens to
produce many borderline answers. Second, within each model we spread those items evenly across
the judge’s own output levels: the two memorization match classes, the four SV score bins, and the
ordinal SS levels. The lowest structure level, SS = 0 (unrelated/invalid), is folded into the adjacent
≤ 0.25 stratum, since the judge assigns it on only about two benchmark tasks. Spreading a fixed
budget evenly across strata, rather than in proportion to how common each stratum is, is the standard
design when every stratum should be estimated with comparable precision (Cochran, 1977); as a side
effect it keeps the label classes roughly balanced, so the agreement statistics below are not dominated
by a single common class. Within each stratum, items are spread further across the six scientific
domains and the single- and multi-group task types. The draw is made by a fixed, seeded script,
and the item sheets given to the experts carry no model identity and no judge label. Because the
sample is stratified by design rather than drawn in proportion to natural prevalence, the statistics
below describe the judges’ reliability on this validation sample — which deliberately covers both
common and borderline cases — rather than their average agreement over the raw benchmark output.

D.2 EXPERTS AND PROTOCOL

Five researchers with scientific-domain training independently labeled all 135 items of each score in
the same offline interface (Figure 11). Each item presents the same task artifacts the judge scored
and asks for the same decision, with the judge’s label and the model identity withheld and the
item order shuffled. For memorization, the published reference law is shown beside the model’s
from-memory formula, and the annotator marks whether the two share the same functional form.
For validity, the model’s submission is shown beside the task’s rubric checklist, and each rubric
item is marked satisfied or not; the validity score is the fraction satisfied. For structure, the hidden
ground-truth mechanism is shown beside the model’s submission and scored on the five ordinal
levels {0, 0.25, 0.5, 0.75, 1}. We take the majority vote of the five experts as the human label and
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Table 3: Human validation of the three LLM judges against a five-expert majority. Metrics
are defined in Appendix D.3; N counts items for Memorization and Structure and rubric checks for
Validity. Judge κ is shown with its 95% bootstrap-CI half-width (±; a cluster bootstrap over the 135
submissions for Validity). ∗98.5% of Structure items agree within one level. †Quadratic-weighted κ.

Score Judge N
Exact

agreement Judge–human κ Human–human κ

Memorization gpt-4.1 135 89% 0.77± 0.11 0.76 [0.62, 0.88]
Validity SV gpt-5.4-mini 892 92% 0.82± 0.05 0.87 [0.82, 0.91]
Structure SS gpt-5.4-mini 135 66.7%∗ 0.84† ± 0.05 0.84 [0.74, 0.90]

compare it against the held-back judge label; as a reference for how much agreement to expect, we
also measure how well the experts agree among themselves.

D.3 METRICS

We report two quantities. The first is the raw agreement rate — the fraction of items on which the
judge and the human majority give the same label — which is the quantity reported for this kind
of validation (Zheng et al., 2023). The second is Cohen’s κ, which corrects agreement for what
chance alone would produce (Cohen, 1960). The structure score is ordinal, so for it we use the
quadratic-weighted κ (Cohen, 1968), which penalizes larger ordinal disagreements more heavily
than adjacent-level ones. We read each value against human–human agreement — the same statistic
computed between experts, i.e. the ten pairwise κ values among the five annotators — following
the standard practice that a judge is reliable when its agreement with people is comparable to the
agreement among the people themselves (Zheng et al., 2023). Each judge κ is reported with its 95%
bootstrap CI (Table 3), which we read against the human–human range rather than over-interpreting
small differences between the point estimates.

D.4 RESULTS

Table 3 and Figure 9 report the outcome. On all three dimensions the judge–human agreement lies
within the range of pairwise human–human agreement: memorization κ = 0.77 (human–human
0.62–0.88), validity κ = 0.82 (0.82–0.91), and structure quadratic-weighted κ = 0.84 (0.74–0.90).
Exact agreement is 89% for memorization, 92% for validity, and 66.7% for the five-level structure
score. The judge’s disagreement with the human consensus is therefore comparable in size to the
disagreement among the human annotators, and it is not driven by a single lenient rater: each of the
five experts individually agrees with the judge at κ = 0.66–0.88.

Figure 10 shows where the residual disagreement lies. For all three scores the mass is on the diagonal,
where the judge and the human majority give the same label. For the ordinal structure score the few
off-diagonal items are almost all one level apart: 98.5% of the 135 items fall within one level, and only
two differ by more than one. Exact match therefore understates agreement on structure, since it treats
an adjacent-level miss the same as a distant one; the quadratic-weighted κ is the appropriate summary
and is the value reported in Table 3. Taken together, the judge–human agreement is comparable
to the human–human agreement on every dimension, which supports using the judges to score the
benchmark at scale.
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marks the judge–human κ; the grey interval spans the ten pairwise human–human κ values, with the
diamond at their mean.
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(a) Memorization

(b) Validity

(c) Structure

Figure 11: The offline expert annotation interface, showing one representative item for (a) memo-
rization, (b) validity SV , and (c) structure SS .
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E MEMORIZATION AUDIT: PROTOCOL AND DETAILED RESULTS

E.1 PURPOSE AND DECISION UNIT

A real-law rediscovery benchmark must separate two channels that can produce the same benchmark
score. A model may recall a published reference formula from pretraining, or it may discover a useful
form from the records shown in the task. The memorization audit measures the first channel directly,
without giving the model any data.

The decision unit is a task-model cell (τ,M). Each SCILAWS-REAL task is collapsed to its best-
baseline representative f⋆

τ , the published reference that the main benchmark asks a method to beat.
This target choice aligns the audit with the task-level score SN (t) and with >Ref%: recalling a
weaker sister formula may show background knowledge, but it does not explain a model exceeding
the benchmark anchor.

The latest auditable panel contains 118 SCILAWS-REAL tasks and the nine main-table models
spanning six vendors, giving 1062 task-model cells. Of these tasks, 66 are single-group and 52 are
multi-group.

E.2 COLD-RECALL PROBE

The probe uses a restricted, data-free subset of the benchmark information. The model sees the target
quantity and the ordered input variables, including names, symbols, units, descriptions, and typical
ranges. It sees no rows, no citation, and no paper text. It is asked to output a single Python def
predict(X) function. For each task-model cell we sample five completions at temperature 0.8.

The prompt asks the model to use only its own knowledge and to write the standard closed-form
relationship for the quantity. This is intentionally data-free: a hit means that the model can produce
the reference formula from this restricted task description without access to task data.

You are an expert in {domain}. Using ONLY your own knowledge --
you are given NO data -- write the standard closed-form
relationship for the quantity below as a Python function.

Quantity to predict:
- {target_name} ({target_symbol}) [{target_unit}] -- {target_desc}

Inputs (X is a 2-D numpy array; column X[:, i] is the i-th input
listed):
{inputs_block}

Write a single Python function ‘def predict(X):‘ (use
‘import numpy as np‘) that returns a 1-D array of {target_symbol}.
Fitted coefficients may be literal numbers or named constants.
If several canonical forms exist, write the most commonly cited one.
Output ONLY one ‘‘‘python ... ‘‘‘ block, nothing else.

E.3 STRUCTURAL JUDGE AND VERDICT

Each candidate function is compared with the best-baseline reference by a calibrated LLM judge
(gpt-4.1) at temperature 0. The judge decides structural equivalence of the two Python functions.
Free coefficients may be literal numbers or named constants and are treated as fittable coefficients.
Algebraic rearrangements and coefficient reparameterizations are allowed. In contrast, exponents, the
number of terms, the variables used, and the functional family are structural. For example, a linear
combination does not match a power law, and a Gompertz form does not match a logistic form.

A task-model cell is marked as cold-recalled if at least three of the five cold-recall samples match the
reference form:

cold-recalled(τ,M) = ⊮ [#hits(τ,M) ≥ 3] . (10)

All other cells are marked as not cold-recalled under this protocol. This binary rule keeps the headline
aligned with the benchmark operating point and avoids an intermediate label whose meaning would
be harder to use in score decomposition.
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Table 4: Task-level cold-recall verdicts on the 118-task SCILAWS-REAL audit panel, across the nine
main-table models. Cold-recalled means at least three structurally equivalent outputs among five
data-free samples.

Model Cold-recalled (%) Not cold-recalled (%) Tasks

gpt-4o-mini 15.3 84.7 118
gpt-5.4-mini 29.7 70.3 118
gpt-5-mini 31.4 68.6 118
deepseek-v4-pro 31.4 68.6 118
qwen3.7-max 35.6 64.4 118
claude-opus-4.8 33.9 66.1 118
gemini-3.5-flash 28.8 71.2 118
glm-5.2 35.6 64.4 118
gpt-5.5 34.7 65.3 118

All cells 30.7 69.3 1062
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Figure 12: Distribution of task-level cold recall across the nine audited models. The left bar is the
56-task discovery moat; the right bar is the 14-task universal canon.

E.4 MAIN RESULTS

Across 118 tasks and nine models, 30.7% of task-model cells are cold-recalled, while 69.3% are not
cold-recalled under this protocol. Cold recall broadly increases with model capability, from 15.3% for
gpt-4o-mini to the mid-30%s for the strongest models, though the trend is not monotone across
vendors: glm-5.2 and qwen3.7-max each recall 35.6%, slightly above gpt-5.5 at 34.7%.
Even the model with the highest observed cold-recall rate does not cold-recall roughly two-thirds of
the tasks.

The task-level distribution is highly polarized (Figure 12). There are 56 tasks, or 47.5% of the panel,
that no audited model cold-recalls. These tasks form the discovery moat. At the other end, 14 tasks,
or 11.9%, are cold-recalled by all nine models. These universal-canon tasks include AFM spherical
indentation, Cepheid period-luminosity, WGS84/Somigliana gravity, Gutenberg–Richter, metabolic
scaling, Langmuir CO2 adsorption, Holling functional response, exoenzyme kinetics, Beer–Lambert,
at-station hydraulic geometry, trade gravity, urban scaling, coral-reef fish growth, and soil water
retention.

E.5 TYPE AND DOMAIN FINDINGS

Multi-group tasks have higher cold recall than single-group tasks: 40.2% versus 23.2% over all
task-model cells (Figure 13). The likely reason is that many multi-group tasks are organized around
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Figure 15: Robustness to the choice of recall target. Relaxing the target from the best baseline to any
R2 ≥ 0.9 baseline changes the all-model cold-recall rate by only 0.85 percentage points and does
not change the frontier rate.

named cross-group laws or invariant-constant forms, which are more likely to appear as canonical
closed forms in training corpora.

The domain split is also uneven (Figure 14). Materials & Engineering has the lowest mean cold-recall
rate, at 20.5%. Ecology & Hydrology and Social Sciences are the highest at 43.4% and 40.5%,
respectively. The frontier model follows the same broad pattern but is especially high on Ecology &
Hydrology, where it cold-recalls 59.1% of tasks.

E.6 TARGET-CHOICE ROBUSTNESS

The headline uses the best-baseline representative as the recall target. This is the right operating
target, but it could undercount recall if several nearly equivalent published baselines fit the same task
equally well. We therefore ran a relaxed target analysis. Any baseline with R2 ≥ 0.9 is treated as an
additional valid recall target, and the task is marked as cold-recalled if the model recalls any such
target.

The relaxed rule changes the headline very little (Figure 15). At the R2 ≥ 0.9 threshold, only 16 of
118 tasks have two or more equally good baselines. On the eight-OpenAI-model audit, the all-model
cold-recall rate increases by only 0.85 percentage points, and the gpt-5.5 rate does not change.
Only eight task-model cells flip, across three tasks. This shows that the best-baseline anchor is not
materially hiding recall.

30



4o
-m

ini 4o

4.1
-m

ini 4.1
5-n

an
o

5-m
ini 5 5.5

Subject model (weak  frontier)

0

20

40

60

80

100

Ta
sk

s (
%

)

15 19 25 25 28 31 36 35

Verdict composition by model
memorized (cold-recall) clean

Figure 16: Binary verdict composition by model. The not-cold-recalled share remains large across the
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E.7 AI-FEYNMAN CALIBRATION

We audit AI-Feynman (Udrescu & Tegmark, 2020) with the same cold-recall prompt, the same
judge, the same five-sample rule, and the same eight OpenAI models (the only model set audited on
both corpora). The only difference is the corpus. Under this controlled comparison, the observed
cold-recall rate is 55.9% for AI-Feynman and 26.8% for SCILAWS-REAL on the eight-model panel.
At the frontier, gpt-5.5 cold-recalls 71.0% of AI-Feynman and 34.7% of SCILAWS-REAL, a
36.3-percentage-point gap.

This control is useful because AI-Feynman is intentionally textbook-like. The audit therefore tags
a known highly canonical benchmark as highly recallable, while assigning much lower recall to
SCILAWS-REAL. That behavior argues against the probe being too lax or too strict.

E.8 INTEGRITY CHECKS FOR THE CAPABILITY LADDER

Because the capability trend is central to the interpretation, we audited the pipeline for common mea-
surement artifacts, using the eight-OpenAI-model ladder where release order provides an independent
capability axis. First, the model order is fixed by release and capability tier, not by the measured
recall score. The curves also contain local reversals, which would not happen if the axis were sorted
by score. Second, the raw run contains 21,888 OpenAI calls across subject-model prompts and judge
calls, with valid response identifiers and dated model snapshots. Subject-model completions have 0%
empty outputs, so weaker models do not appear to have lower cold-recall rates merely because they
fail to answer. Third, recomputing cold recall from the raw task rows reproduces the reported ladder
and figures.

These checks do not claim to observe training data directly. They address a narrower but important
question: whether the reported memorization ladder is a plotting, logging, completion, or judging
artifact. The audit supports the interpretation that the ladder reflects real differences in formula recall
under the benchmark-visible information.
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F VERBATIM SOLVER PROMPT TEMPLATES

This appendix reproduces the complete system and user prompt templates presented to solvers in
the SCILAWS-REAL and SCILAWS-PARALLEL experiments. Placeholders in braces are filled from
task metadata, and bracketed single-group and multi-group clauses indicate the mutually exclusive
branch used for each task. Shared protocol text is repeated so that each template records the complete
standalone prompt. These templates are quoted verbatim as shown to solvers: they use cluster for
what the main text calls a group, and LOCAL_FITTABLE for the per-group parameters.

F.1 SCILAWS-REAL SYSTEM PROMPT

# Role

You are a scientific equation-discovery agent.

## Protocol

- Output EXACTLY ONE tool block per turn, and nothing else -- no surrounding
prose, no Markdown code fences.

- One block per turn even of the SAME type: do NOT emit two ‘<python>‘ blocks
or ‘<python>‘ then ‘<final_formula>‘ in one reply. If you want to run several
analyses, combine them into a SINGLE ‘<python>‘ block. If you emit more than
one block, only one is executed and the rest are discarded.

- Tool results are returned on the next turn -- read them, then take your next
step.

- Never write ‘<python_output>‘ or ‘<experiment_output>‘ yourself; those tags
are reserved for harness feedback after a tool runs.

- Use column names exactly as listed in the task message.

## Workflow

You have a generous turn budget. Use ‘<python>‘ to inspect the data and fit
constants, and feel free to iterate before submitting. If a fit looks poor, you
can refine the constants or try a different functional form rather than settle
for your first guess. Submit with ‘<final_formula>‘ once you have a form you
are satisfied with.

## Tools

### 1. Run Python: ‘<python>‘

This is how you both inspect the data and fit constants. The entire training
set is preloaded, so there is no separate data-request tool.

<python>
...Python analysis code...
</python>

Preloaded variables:
- ‘train_df‘: pandas DataFrame with all training rows, named columns.
- ‘X_train‘: numeric input matrix with shape ‘(n_rows, n_inputs)‘.
- ‘y_train‘: numeric target vector with shape ‘(n_rows,)‘.
- ‘input_cols‘: input column names; ‘X_train[:, i]‘ corresponds to
‘input_cols[i]‘.

- ‘target_col‘: target column name; ‘y_train‘ is ‘train_df[target_col]‘.
- ‘group_ids_train‘: multi-group tasks only; integer group id for each row.

‘numpy‘, ‘scipy‘, and ‘pandas‘ are available. Only ‘print(...)‘ output is
returned. Each ‘<python>‘ call starts fresh with the preloaded variables plus
‘np‘/‘scipy‘/‘pd‘; redefine helper functions in each call. Python execution is
limited to 100 seconds. Very long stdout is truncated, so print compact
summaries. Prefer vectorized least squares, ‘scipy.optimize.curve_fit‘ /
‘least_squares‘, or a small targeted search over a few candidates.

### 2. Submit Final Formula: ‘<final_formula>‘

[Single-group contract]

<final_formula>
"""Short description."""
import numpy as np

USED_INPUTS = [...] # columns predict reads, in X-column order
LAW_CONSTANTS = {} # leave empty -- bake fitted constants into predict
OTHER_CONSTANTS = {}
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LOCAL_FITTABLE = {}

def predict(X):
...
return y_pred

</final_formula>

Notes:
- ‘<final_formula>‘ ends the trial.
- ‘predict(X)‘ takes ONLY ‘X‘; do not add a ‘group_id‘ parameter.
- Keep ‘LAW_CONSTANTS‘, ‘OTHER_CONSTANTS‘, and ‘LOCAL_FITTABLE‘ as empty dicts.
- Write fitted constants directly as numeric literals inside ‘predict‘.
- ‘USED_INPUTS‘ lists the columns ‘predict‘ reads; ‘X[:, i]‘ is
‘USED_INPUTS[i]‘.

- ‘predict‘ must return an ndarray of shape ‘(N,)‘, fully numeric, with no
fitting at evaluation time.

[Multi-group contract]

This is a multi-group task. The data is split into clusters (‘group_id‘);
your formula must work on clusters that are not in the observations available
to you. Find one functional form that holds across clusters, where a few
parameters are re-fit per cluster.

<final_formula>
"""Short description of the shared functional form."""
import numpy as np

USED_INPUTS = [...] # columns predict reads, in X-column order
LAW_CONSTANTS = {} # universal constants shared by all clusters
OTHER_CONSTANTS = {}
LOCAL_FITTABLE = {"a": {"init": None}, "b": {"init": None}}

def fit(X_fit, y_fit):
...
return {"a": a_hat, "b": b_hat}

def predict(X, a, b):
...
return y_pred

</final_formula>

Notes:
- ‘<final_formula>‘ ends the trial.
- ‘LOCAL_FITTABLE‘ is a non-empty dict of per-cluster parameter names; keep the
count small and within the task cap.

- ‘fit(X_fit, y_fit)‘ receives one cluster’s fit window and returns that
cluster’s parameters; ‘predict(X, **params)‘ receives them as keyword
arguments.

- Neither ‘fit‘ nor ‘predict‘ may take a ‘group_id‘ argument.
- Keep ‘LAW_CONSTANTS‘ empty unless a constant is truly universal. Anything
that varies by cluster must go through ‘LOCAL_FITTABLE‘ and ‘fit()‘.

- Use ‘group_ids_train‘ in the Python sandbox to check whether the shape
transfers across training clusters before submitting.

- ‘predict‘ must return an ndarray of shape ‘(N,)‘; keep ‘fit()‘ fast and robust.

F.2 SCILAWS-REAL USER PROMPT

{problem_statement}

Target: ‘{target_col}‘{target_suffix}

Scoring: your formula is evaluated on a held-out test set by **{metric}** --
{metric_gloss} -- measured against strong published reference formulas.
Optimise this metric.

Use exactly one XML tool per turn: ‘<python>‘ or ‘<final_formula>‘. The full
training set is preloaded in the ‘<python>‘ sandbox as ‘train_df‘ / ‘X_train‘ /
‘y_train‘; inspect it there (‘train_df.describe()‘, ‘train_df.corr()‘, slicing,
plots-as-stats). {contract_line}
{caps_block}
{multi_group_block}
Inputs to ‘predict‘:
{input_lines}

Training data: {n_train_rows} rows{train_groups_suffix}{ranges_block}
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Budget: at most {max_turns} turns.

You can use ‘<python>‘ turns to refine your fit before submitting if it helps.
Aim for a formula whose functional form is physically reasonable and behaves
sensibly when extrapolated beyond the inputs you have seen.

IMPORTANT: emit only ONE XML tool block per turn. If you emit multiple tool
blocks, only the first XML tool block is executed and all later blocks are
ignored. Wait for the tool result before deciding the next call.

F.3 SCILAWS-PARALLEL SYSTEM PROMPT

# Role

You are a scientific equation-discovery agent.

## Protocol

- Output EXACTLY ONE tool block per turn, and nothing else -- no surrounding
prose, no Markdown code fences.

- One block per turn even of the SAME type: do NOT emit two ‘<python>‘ blocks
or ‘<python>‘ then ‘<final_formula>‘ in one reply. If you want to run several
analyses, combine them into a SINGLE ‘<python>‘ block. If you emit more than
one block, only one is executed and the rest are discarded.

- Tool results are returned on the next turn -- read them, then take your next
step.

- Never write ‘<python_output>‘ or ‘<experiment_output>‘ yourself; those tags
are reserved for harness feedback after a tool runs.

- Use column names exactly as listed in the task message.

## Workflow

You have a generous turn budget, but no preloaded training observations. Start
by probing the simulator with ‘<experiment>‘, then use ‘<python>‘ to inspect the
data you collected and fit constants. You may iterate between targeted
experiments and Python analysis before submitting. Submit with
‘<final_formula>‘ once you have a form you are satisfied with.

## Tools

### 1. Probe Simulator: ‘<experiment>‘

<experiment>{"<input_col>": [v1, v2, ...], "n_samples": 3, "seed": 0}</experiment>

The content inside ‘<experiment>‘ must be valid JSON with literal arrays and
numbers only. Do not use Python expressions such as ‘range(...)‘, list
comprehensions, variables, ‘np.linspace(...)‘, or comments inside the JSON.
Choose input values deliberately to test low, middle, and high regimes. You
must call ‘<experiment>‘ at least once before ‘<final_formula>‘. Respect the
experiment budget caps listed in the task’s simulator notes. Oversized requests
are rejected without returning data. Returned rows are appended to ‘X_train‘,
‘y_train‘, and ‘train_df‘ for the next ‘<python>‘ call.

### 2. Run Python: ‘<python>‘

This is how you inspect the observations you have collected and fit constants.
The cumulative training log starts empty and is populated only by successful
‘<experiment>‘ calls.

<python>
...Python analysis code...
</python>

Preloaded variables:
- ‘train_df‘: pandas DataFrame with observations returned by successful
‘<experiment>‘ calls so far.

- ‘X_train‘: numeric input matrix with shape ‘(n_rows, n_inputs)‘.
- ‘y_train‘: numeric target vector with shape ‘(n_rows,)‘.
- ‘input_cols‘: input column names; ‘X_train[:, i]‘ corresponds to
‘input_cols[i]‘.

- ‘target_col‘: target column name; ‘y_train‘ is ‘train_df[target_col]‘.
- ‘group_ids_train‘: multi-group tasks only; integer group id for each row.
- ‘experiment_log‘: simulator tasks only; metadata for each successful
‘<experiment>‘.

- ‘experiment_caps‘: simulator tasks only; hard limits on points, samples,
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rows per call, and total simulator rows.

‘numpy‘, ‘scipy‘, and ‘pandas‘ are available. Only ‘print(...)‘ output is
returned. Each ‘<python>‘ call starts fresh with the preloaded variables plus
‘np‘/‘scipy‘/‘pd‘; redefine helper functions in each call. Python execution is
limited to 100 seconds. Very long stdout is truncated, so print compact
summaries. Prefer vectorized least squares, ‘scipy.optimize.curve_fit‘ /
‘least_squares‘, or a small targeted search over a few candidates.

### 3. Submit Final Formula: ‘<final_formula>‘

[Single-group contract]

<final_formula>
"""Short description."""
import numpy as np

USED_INPUTS = [...] # columns predict reads, in X-column order
LAW_CONSTANTS = {} # leave empty -- bake fitted constants into predict
OTHER_CONSTANTS = {}
LOCAL_FITTABLE = {}

def predict(X):
...
return y_pred

</final_formula>

[Multi-group contract]

This is a multi-group task. Find one hidden simulator mechanism structure that
holds across clusters; only the ‘LOCAL_FITTABLE‘ parameters may change between
them.

<final_formula>
"""Short description of the shared functional form."""
import numpy as np

USED_INPUTS = [...] # columns predict reads, in X-column order
LAW_CONSTANTS = {}
OTHER_CONSTANTS = {}
LOCAL_FITTABLE = {"a": {"init": None}, "b": {"init": None}}

def fit(X_fit, y_fit):
...
return {"a": a_hat, "b": b_hat}

def predict(X, a, b):
...
return y_pred

</final_formula>

Final-formula notes:
- ‘<final_formula>‘ ends the trial.
- Do not pass ‘group_id‘ to ‘predict‘ or ‘fit‘.
- Single-group tasks bake fitted constants into ‘predict‘.
- Multi-group tasks declare per-cluster parameters in ‘LOCAL_FITTABLE‘, return
exactly those keys from ‘fit()‘, and use the same functional form for every
cluster.

- ‘predict‘ must return a finite ndarray of shape ‘(N,)‘.

F.4 SCILAWS-PARALLEL USER PROMPT

{problem_statement}

Target: ‘{target_col}‘{target_suffix}

Parallel objective: recover the hidden simulator’s mechanism structure from
your own experiments. The primary evaluation is ‘structure_score‘, based on
whether the submitted formula matches the simulator’s functional form up to
algebraic equivalence; do not optimize for a held-out prediction metric.

Use exactly one XML tool per turn: ‘<experiment>‘, ‘<python>‘, or
‘<final_formula>‘. No training observations are preloaded. Use ‘<experiment>‘
to collect observations; successful experiment rows are then available in the
‘<python>‘ sandbox as ‘train_df‘ / ‘X_train‘ / ‘y_train‘. The ‘<experiment>‘
content must be valid JSON literals only; do not use Python expressions such

35



as ‘range(...)‘, list comprehensions, or ‘np.linspace(...)‘ inside it.
{contract_line}
{caps_block}
{multi_group_block}
Inputs to ‘predict‘:
{input_lines}

Training observations available initially: 0 rows.{ranges_block}
{simulator_notes_block}

Budget: at most {max_turns} turns.

You can use ‘<python>‘ turns to refine your fit before submitting if it helps.
Aim for a formula whose functional form is physically reasonable and behaves
sensibly when extrapolated beyond the inputs you have seen.

IMPORTANT: emit only ONE XML tool block per turn. If you emit multiple tool
blocks, only the first XML tool block is executed and all later blocks are
ignored. Wait for the tool result before deciding the next call.

G CASE STUDIES

This appendix grounds the three evaluation scores in concrete task instances. Table 5 catalogs a
favorable and an unfavorable instance of each score across the eight tasks first flagged as informative.
We then give four complete reference trajectories that span the benchmark’s two design axes—
SCILAWS-REAL/SCILAWS-PARALLEL × single-/multi-group—so that a reader unfamiliar with the
benchmark can follow the entire evaluation protocol, turn by turn, on real agent logs.

Table 5: Score behavior across eight tasks, one favorable and one unfavorable instance per score
dimension. Type is single-group (I) / multi-group (II). All numbers are real scored outputs from the
nine-model panel; the reference is the strongest published baseline for that task.
Score Task (Type, domain) Model(s) Outcome

REAL
SN

(fit)

good DNA melting Tm (I, biology) GPT-5.5 0.79 (beats Khandelwal)
bad Proton form factor GE/GD (I, physics) 7 of 9 models 0.00 (all SV =1.0)
good CO2 adsorption Tóth (II, materials) GPT-5.5 0.53 (frontier models)
bad Beer–Lambert absorbance (II, physics) DeepSeek-V4 0.00 (3 of 9 near 0; best 0.63)

REAL
SV

(validity)

good Hack’s law river length (I, hydrology) all but GPT-5.4-mini 1.00

bad 3C90 magnetic core loss (I, materials) Claude Opus 4.8 null (contract crash)

PARALLEL
SS

(structure)

good Eclipsing-binary logL (I, astronomy) DeepSeek / Claude / Gemini 1.00

bad Running endurance velocity (I, social sci.) all 9 models 0.25

How to read these traces. Each task is solved by an agent over a sequence of turns.

• On its turn the agent emits exactly one block: <python> (run code on the col-
lected data), <experiment> (query the hidden simulator; SCILAWS-PARALLEL only), or
<final_formula> (submit and end). The harness then replies with <python_output> /
<experiment_output>.

• The complete system and user prompts are in Appendix F; each box below shows only the
task-specific part plus every turn.

Colour tells you who wrote what.

• Gray — verbatim: the prompt the model saw, the code it ran (including its own # comments),
and the output it got back.

• Black bold — our labels: turn markers and header field names.
• Black roman — our own words: the header summary of each task, and the final SCORE.
• Black italic — our own margin notes and elisions; an elision, e.g. [ ... 22 lines ...], always states

how many lines we cut and what they were.
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• Red — the few places where the interaction design changes across the four traces: the data source,
what is submitted, and how it is scored.

Nothing in gray is paraphrased. Because the traces are verbatim, they use cluster for what the main
text calls a group. The proton trace (Appendix G.1) shows every turn — with only the two marked
cuts — as a reference for the whole protocol; the other three are faithfully excerpted, with every cut
marked, to keep each to about a page.

G.1 REAL × SINGLE-GROUP: THE PROTON FORM FACTOR

proton_em_form_factor, GPT-5.4-mini (all 3 turns shown)

TASK proton_em_form_factor : G_E/G_D as a function of Q^2 (nuclear form factor)
DATA 37 rows preloaded as train_df / X_train / y_train ; train Q^2 in [0.007,1.83],

test [2.07,5.85] (extrapolates)
SUBMIT USED_INPUTS, LAW_CONSTANTS={}, ..., def predict(X) with constants baked in as

literals; no fit(), no group_id
CAPS <= 8 global constants ; max_local_params=0 ; this task must NOT define fit()
SCORED BY S_N -- RMSE on the held-out test set, vs. the strongest published reference

TURN 1 -- AGENT <python> -- inspect the data, then fit three rational families
import numpy as np, pandas as pd, scipy.optimize as opt
print("cols:", input_cols, "target:", target_col)
print(train_df.head(10).to_string(index=False))
print("\nDescribe:")
print(train_df.describe().to_string())
x = X_train[:,0]
y = y_train
print("\nRanges:", float(x.min()), float(x.max()), float(y.min()), float(y.max()))
# simple candidate fits
def models(params, x):

# params: a,b,c,d for (1+a x)/(1+b x+c x^2+d x^3)
a,b,c,d = params
return (1+a*x)/(1+b*x+c*x*x+d*x*x*x)

def resid(params):
return models(params,x)-y

# initial guesses from rough physics
inits = [

np.array([0.0, 0.0, 0.70, 0.0]),
np.array([-0.1, 0.0, 0.70, 0.0]),
np.array([0.0, 0.0, 0.60, 0.10]),
np.array([-0.2, 0.0, 0.60, 0.10]),

]
best = None
for init in inits:

try:
res = opt.least_squares(resid, init, max_nfev=20000)
rmse = np.sqrt(np.mean(res.fun**2))
print("fit", init, "->", res.x, "rmse", rmse)
if best is None or rmse < best[0]:

best = (rmse, res.x)
except Exception as e:

print("fit failed", init, e)
print("best", best)
# try physically motivated dipole-like with denominator-only
def model2(p,x):

a,b,c = p
return 1.0/(1+a*x+b*x*x+c*x*x*x)

def resid2(p):
return model2(p,x)-y

for init in [np.array([0.3,0.0,0.0]), np.array([0.5,0.0,0.0]), np.array([0.2,0.05,0.0]),
np.array([0.1,0.1,0.0])]:
try:

res=opt.least_squares(resid2, init, max_nfev=20000)
print("model2", init, "->", res.x, "rmse", np.sqrt(np.mean(res.fun**2)))

except Exception as e:
print("model2 failed", e)

# try a rational with 2/2
def model3(p,x):

a,b,c,d = p
return (1+a*x+b*x*x)/(1+c*x+d*x*x)

def resid3(p):
return model3(p,x)-y

for init in [np.array([0.0,0.0,0.3,0.0]), np.array([0.0,0.0,0.2,0.1]), np.array
([-0.1,0.0,0.3,0.0])]:
try:
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res=opt.least_squares(resid3, init, max_nfev=20000)
print("model3", init, "->", res.x, "rmse", np.sqrt(np.mean(res.fun**2)))

except Exception as e:
print("model3 failed", e)

# inspect correlation and maybe monotonic
print("\nCorr:", train_df.corr(numeric_only=True)[target_col].to_string())
print("\nSorted values:")
print(train_df.sort_values(input_cols[0]).head(12).to_string(index=False))
print(train_df.sort_values(input_cols[0]).tail(12).to_string(index=False))

TURN 1 -- HARNESS <python_output>
cols: [’Q2_GeV2’] target: GE_over_GD
GE_over_GD Q2_GeV2

1.000 0.007
0.996 0.012
0.995 0.017
0.993 0.022
0.988 0.030
0.987 0.038
0.974 0.041
0.981 0.048
0.980 0.057
0.990 0.061

Describe:
GE_over_GD Q2_GeV2

count 37.000000 37.000000
mean 0.960108 0.467568
std 0.036645 0.516130
min 0.844000 0.007000
50% 0.973000 0.273000
max 1.000000 1.830000
Ranges: 0.007 1.83 0.844 1.0
fit [0. 0. 0.7 0. ] -> [10.873 11.446 -0.561 0.750] rmse 0.012229365400954102
fit [-0.1 0. 0.7 0. ] -> [10.876 11.450 -0.561 0.750] rmse 0.012229365377535942
fit [0. 0. 0.6 0.1] -> [10.877 11.450 -0.561 0.750] rmse 0.012229365378633365
fit [-0.2 0. 0.6 0.1] -> [10.876 11.450 -0.561 0.750] rmse 0.012229365378083551
best (0.012229365377535942, array([10.876, 11.450, -0.561, 0.750]))
model2 [0.3 0. 0. ] -> [ 0.152 -0.165 0.076] rmse 0.014329317656398409
model2 [0.5 0. 0. ] -> [ 0.152 -0.165 0.076] rmse 0.014329317656398183
model3 [0. 0. 0.3 0. ] -> [ 33.18 -13.08 34.08 -12.58] rmse 0.012540593019447446
model3 [0. 0. 0.2 0.1] -> [ 33.18 -13.08 34.08 -12.58] rmse 0.012540593015895895
Corr: GE_over_GD 1.000000
Q2_GeV2 -0.906334
[sorted head(12) omitted -- same low-Q^2 rows as head(10) above; tail(12) shown, it

reveals the high-Q^2 decline]
GE_over_GD Q2_GeV2

0.967 0.584
0.981 0.689
0.916 0.853
0.920 1.020
0.936 1.330
0.889 1.520
0.844 1.740
0.856 1.830

TURN 2 -- AGENT <python> -- sweep six physically-plausible forms; check each
extrapolated to Q^2 = 5.85

import numpy as np, scipy.optimize as opt, pandas as pd
x = X_train[:,0]
y = y_train
cands = []
def score(name, p, pred):

rmse = np.sqrt(np.mean((pred-y)**2))
# simple extrapolation checks on [0,6]
xt = np.array([0.0, 1.83, 3.0, 5.85])
yt = pred_fn(p, xt)
return rmse, yt

# Candidate 1: 1/(1+a x + b x^2 + c x^3)
def pred1(p, x):

a,b,c = p
return 1.0/(1.0 + a*x + b*x*x + c*x*x*x)

def fit1(init):
res = opt.least_squares(lambda p: pred1(p,x)-y, np.array(init), max_nfev=20000)
return res.x, np.sqrt(np.mean(res.fun**2))

for init in ([0.1,0.1,0.1],[0.05,0.05,0.01],[0.2,0.0,0.05],[0.0,0.1,0.05], [0.3,0.0,0.0]):
try:

p,rm=fit1(init)
print("f1", init, p, rm, "check", pred1(p, np.array([0,1.83,5.85])))

except Exception as e:
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print("f1 fail", init, e)
[... 57 lines: candidates f2 = (1+a x)/(1+b x+c x^2+d x^3), f3 = 1 - a x/(1+b x+c x^2),
f4 = 1 - a x - b x^2/(1+c x), f5 = exp(-(a x + b x^2)), f6 = (r+(1-r)exp(-a x))/(1+b x+c

x^2),
each fitted from 3-5 inits in the same try/except pattern ...]

TURN 2 -- HARNESS <python_output>
f1 [0.1, 0.1, 0.1] [ 0.152 -0.165 0.076] check [1. 0.840 0.088]
f2 [0.0, 0.1, 0.1, 0.1] [10.876 11.450 -0.561 0.750] check [1. 0.847 0.325]
f3 [0.1, 0.1, 0.1] [ 0.548 14.517 -6.362] check [1. 0.840 1.024]
f5 [0.1, 0.1] [0.0686 0.0070] check [1. 0.861 0.526]
f6 [0.7, 0.5, 0.0, 0.1] [ 0.9615 13.093 -0.036 0.060] check [1. 0.848 0.339]
-- every form reaches train RMSE ~ 0.012, but at Q^2 = 5.85 they spread from 0.088 to 1.02

TURN 3 -- AGENT <final_formula> -- submit f6: monotone, y(0)=1, saturating
"""Saturating exponential-over-quadratic fit for GE/GD versus Q^2."""
import numpy as np
USED_INPUTS = ["Q2_GeV2"]
LAW_CONSTANTS = {}
OTHER_CONSTANTS = {}
LOCAL_FITTABLE = {}
def predict(X):

x = X[:, 0]
r = 0.96150175
a = 13.09262516
b = -0.03621592
c = 0.05985393
return (r + (1.0 - r) * np.exp(-a * x)) / (1.0 + b * x + c * x * x)

SCORE S_N = 0.436 (best of the nine models; 7/9 score 0.000) ; S_V = 1.0 ; still below
the 8-constant Arrington reference.

G.2 REAL × MULTI-GROUP: CO2 ADSORPTION

co2_adsorption_toth, GPT-5.5 (faithfully excerpted)

TASK co2_adsorption_toth : amount of CO2 adsorbed n as a function of pressure P
DATA 799 rows preloaded, spanning 42 clusters (group_id); scored on UNSEEN clusters

; P in [0.00013, 133.6]
SUBMIT non-empty LOCAL_FITTABLE (<=3 per-cluster params) + fit(X_fit,y_fit) + def

predict(X, **params) ; ONE shared form
CAPS max_law_constants=0 (no global fitted constants) ; fit() must run < 10 s per

cluster
SCORED BY S_N -- RMSE on a held-out window of each test cluster, averaged over clusters

TURN 1 -- AGENT <python> -- inspect all 42 clusters, then fit standard isotherm
families to each

import numpy as np, pandas as pd
from scipy.optimize import curve_fit
df=train_df.copy(); df[’group’]=group_ids_train
summ=df.groupby(’group’).agg(nrows=(’P_bar’,’size’), Pmin=(’P_bar’,’min’), Pmax=(’P_bar’,’

max’),
ymin=(target_col,’min’), ymax=(target_col,’max’))

print(summ.head().to_string())
def lang(P, q, b): return q*b*P/(1+b*P)
def freundlich(P,K,m): return K*np.maximum(P,1e-12)**m
def sips(P,q,b,m): P=np.maximum(P,0); z=np.maximum(b*P,1e-300)**m; return q*z/(1+z)
def toth(P,q,b,t): P=np.maximum(P,0); z=np.maximum(b*P,1e-300); return q*z/((1+z**t)

**(1/t))
forms = {’lang’:(lang,[1,1],..), ’freund’:(freundlich,[1,.5],..), ’sips’:(sips,[1,1,1],..)

, ’toth’:(toth,[1,1,1],..)}
for name,(func,p0,bounds) in forms.items():

errs=[]
for g in np.unique(group_ids_train):

sub=df[df.group==g].sort_values(’P_bar’); P=sub.P_bar.values; y=sub[target_col].
values

# set pinit[0] from y-max, pinit[1] from the half-saturation pressure
popt,_=curve_fit(func,P,y,p0=pinit,bounds=bounds,maxfev=20000)
errs.append(rmse(func(P,*popt),y))

print(name, "mean_rmse", np.nanmean(errs), "median", np.nanmedian(errs))

TURN 1 -- HARNESS <python_output>
group nrows Pmin Pmax ymin ymax # each cluster is one isotherm,

saturating at high P
0 13 0.019 0.962 2.90 6.22
3 25 0.0058 30.04 0.31 10.9

lang mean_rmse 0.2593 median 0.1882
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freund mean_rmse 0.3483 median 0.1967
sips mean_rmse 0.1139 median 0.0422
toth mean_rmse 0.1142 median 0.0371 # Sips / Toth clearly beat Langmuir
[... on its next attempts the agent hits three real guardrails, each rejected by the

harness: ...]
Python execution failed: ValueError: operands could not be broadcast together with shapes

(30,) (5,)
Python execution failed: TimeoutError: Python execution exceeded 100s
Python execution failed: ValidationError: Code appears to use high-dimensional brute-force

search (4 nested for-loops). Use vectorized fitting.
-- it re-runs the Toth fit, vectorized and with fewer starts, until it passes

TURN 6 -- AGENT <final_formula> -- submit the Toth isotherm as the one shared per-
cluster form

"""Three-parameter Toth adsorption isotherm shared across clusters: n = n_s*b*P / (1 + (b*
P)^t)^(1/t)."""

import numpy as np
from scipy.optimize import least_squares
USED_INPUTS = ["P_bar"]
LAW_CONSTANTS = {}
OTHER_CONSTANTS = {}
LOCAL_FITTABLE = {"n_s":{"init":None}, "b":{"init":None}, "t":{"init":None}}
def _toth(P, n_s, b, t): # n = n_s * (b P) / (1 + (b P)^t)

^(1/t)
[... evaluated in log-space (logaddexp) for numerical stability ...]
return out

def fit(X_fit, y_fit): # harness runs this on each UNSEEN cluster
’s window
P = X_fit[:,0]; y = y_fit
# log-space multi-start least_squares for (n_s, b, t) on this cluster

[... 30 lines: initial guesses from y-max and the half-saturation pressure, 3 starts, keep
best-RMSE ...]

return {"n_s": n_s, "b": b, "t": t}
def predict(X, n_s, b, t):

return _toth(X[:,0], n_s, b, t)

SCORE S_N = 0.534 (frontier models): the same Toth form transfers to unseen clusters,
above the reference.

G.3 PARALLEL × SINGLE-GROUP: THE KEELING CURVE

keeling_curve, GPT-5.5 (faithfully excerpted)

TASK keeling_curve : atmospheric CO2 c as a function of decimal year t (Mauna
Loa)

DATA no rows preloaded -- the agent must call <experiment> to collect observations ;
t in [1958, 2026]

SUBMIT def predict(X), constants baked in as literals, no fit(), no group_id ; <= 12
global constants

SCORED BY S_S -- does the submitted form match the hidden simulator’s structure

TURN 1 -- AGENT <experiment> <- Parallel only: the agent designs its own measurements
{"year_decimal

":[1958.2027,1958.2877,1958.3699,1958.4548,1958.5370,1958.6219,1958.7068,1958.7890,
1958.8740,1958.9562,1959.0411,1959.1260,

1960.5,1970.5,1980.5,1990.5,2000.5,2010.5,2020.5,2025.5],
"n_samples":3, "seed":0} # 20 design points x 3 replicates -> the

simulator adds noise

TURN 1 -- HARNESS <experiment_output>
{"experiment_id": 1, "n_returned": 60, "preview_rows": [
{"co2_ppm": 311.71, "year_decimal": 1958.2027}, {"co2_ppm": 315.19, "year_decimal":

1958.2027}, # replicates,
{"co2_ppm": 312.28, "year_decimal": 1958.2027}, {"co2_ppm": 313.36, "year_decimal":

1958.2877}], ..} # noisy
[... 6 more <experiment> rounds (msgs 8-29): denser time grids + replicate sampling, 7

experiment calls total ...]

TURN k -- AGENT <python> -- fit an exponential-accumulation trend (the hidden family)
vs a plain quadratic

g=df.groupby(’year_decimal’)[’co2_ppm’].agg(mean=’mean’, n=’count’) # average the
replicates

tg=g.year_decimal.values; yg=g[’mean’].values; wg=np.sqrt(g.n.values)
def fit_exp(h=0): # a + b*exp(c*(t-1958)) + h seasonal

harmonics
def pred(p,t):

out = p[0] + p[1]*np.exp(p[2]*(t-1958.0))
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for k in range(1,h+1): out += p[idx]*np.sin(2*np.pi*k*t) + p[idx+1]*np.cos(2*np.pi

*k*t)
return out

[... multi-start least_squares; report the weighted RMSE for h = 0..4 ...]
for h in [0,1,2,3,4]: fit_exp(h)
# also a plain quadratic in (t-2000), for comparison
x=tg-2000; cq=np.linalg.lstsq(np.column_stack([np.ones_like(x),x,x*x])*wg[:,None], yg*wg,

rcond=None)[0]
print("quad", cq)

TURN N -- AGENT <final_formula> -- submits the QUADRATIC, not the exponential it just
fit

"""Accelerating CO2 trend modeled as a quadratic function of decimal year."""
import numpy as np
USED_INPUTS = ["year_decimal"]
LAW_CONSTANTS = {}
OTHER_CONSTANTS = {}
LOCAL_FITTABLE = {}
def predict(X):

t = X[:, 0]; x = t - 2000.0
return 369.399866 + 1.88044598*x + 0.0137478424*x*x

SCORE S_S = 0.25: the quadratic tracks the data but is NOT the hidden exponential-
accumulation family
A + B*exp(k*(t-T0)). On the SciLaws-Real version of this task the same model

instead submits a cubic
trend plus three annual harmonics and scores S_N = 0.78, beating the 12-constant

NOAA reference.

G.4 PARALLEL × MULTI-GROUP: SELLMEIER DISPERSION

optical_dispersion_sellmeier, GPT-5.5 (faithfully excerpted)

TASK optical_dispersion_sellmeier : refractive index n as a function of
wavelength lambda

DATA no rows preloaded -- the agent must call <experiment> to collect its own
observations ; 14 crystal clusters

SUBMIT non-empty LOCAL_FITTABLE (<=4 per-cluster params) + fit(X_fit,y_fit) + def
predict(X, **params) ; ONE shared form

CAPS max_law_constants=0 (no global fitted constants) ; <=10 experiment calls, <=20
points each

SCORED BY S_S -- does the submitted form match the hidden simulator’s structure (up to
algebraic equivalence)

TURN 1 -- AGENT <experiment> <- Parallel only: the agent designs its own measurements
{"wavelength_um":[0.4,0.5,1.0,2.0,2.6, 0.4,0.5,1.0,2.0,2.6, 0.8,1.0,2.0,4.0,

0.8,1.0,2.0,4.0],
"group_id":[0,0,0,0,0, 1,1,1,1,1, 2,2,2,2, 3,3,3,3], "n_samples":1, "seed":0}

TURN 1 -- HARNESS <experiment_output>
{"experiment_id": 1, "n_returned": 18, "n_appended_to_train": 18, "preview_rows": [
{"n": 1.5467, "wavelength_um": 0.4, "group_id": 0}, {"n": 1.5379, "wavelength_um": 0.5,

"group_id": 0},
{"n": 1.5250, "wavelength_um": 1.0, "group_id": 0}, {"n": 1.5115, "wavelength_um": 2.0,

"group_id": 0},
{"n": 1.5369, "wavelength_um": 0.4, "group_id": 1}, {"n": 1.5033, "wavelength_um": 2.0,

"group_id": 1}],
[caps / row-id bookkeeping omitted] "n_clipped": 0}
[... 5 more <experiment> rounds (msgs 6-23): the agent refines the wavelength grid and

adds clusters,
collecting 158 rows over all 14 groups, interleaved with the <python> analysis below ...]

TURN k -- AGENT <python> -- fit standard dispersion families to every cluster, compare
max-error

def fit_group(df):
lam=df.wavelength_um.values.astype(float); n=df.n.values.astype(float)
# linear Cauchy n = A+B/l2+C/l4+D/l6
for deg in [1,2,3]:

Phi=np.vstack([lam**(-2*k) for k in range(0,deg+1)]).T
coef=np.linalg.lstsq(Phi,n,rcond=None)[0]
print(" n Cauchy deg",deg,"maxerr",np.max(np.abs(Phi@coef-n)))

# generalized single pole n^2 = A + B/(l2-C)
def f(l,A,B,C): return np.sqrt(A+B/(l*l-C))
# Sellmeier n2=A+B*l2/(l2-C)
def fs(l,A,B,C): return np.sqrt(A+B*l*l/(l*l-C))

[... then, after seeing the single-pole beat plain Cauchy, the agent adds an IR term (msg
14): ...]
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# 1) n^2 = A + B/(lambda^2-C) + D*lambda^2 ? (Sellmeier plus IR term) <- 4 params
allowed

def f4(p):
A,B,C,D=p; return np.sqrt(A + B/(l*l-C) + D*l*l) - n

[... fits f4 on every cluster; max-error drops to ~1e-4, best of all families tried ...]

TURN N -- AGENT <final_formula> -- submit the single-pole Sellmeier + IR term, fit per
cluster

"""Single-resonance Sellmeier dispersion with a long-wavelength quadratic correction:
n^2 = A + B/(lambda^2 - C) + D*lambda^2. Fit separately for each crystal cluster."""

import numpy as np
from scipy.optimize import least_squares
USED_INPUTS = ["wavelength_um"]
LAW_CONSTANTS = {}
OTHER_CONSTANTS = {}
LOCAL_FITTABLE = {"A":{"init":None}, "B":{"init":None}, "C":{"init":None}, "D":{"init":

None}}
def _pred(lam, A, B, C, D):

l2 = lam * lam
return np.sqrt(np.maximum(A + B/(l2 - C) + D*l2, 1e-12))

def fit(X_fit, y_fit): # harness runs this on each UNSEEN cluster
lam = np.asarray(X_fit[:,0], float); y = np.asarray(y_fit, float)
# linear warm-start for (A,B,D) over a sweep of the pole C, then bounded least_squares

[... 20 lines: multi-start over C in {0, .01, .05, .15, .30, .60}*min(l2), keep best-RMSE
...]
return {"A": A, "B": B, "C": C, "D": D}

def predict(X, A, B, C, D):
return _pred(np.asarray(X[:,0], float), A, B, C, D)

SCORE S_S = 1.0 (missed = none): recovers the hidden n^2 = A + B/(l^2-C) + D*l^2 family
exactly.
On the SciLaws-Real version of this task the same model instead submits a Cauchy-

type series and scores
S_N = 0.21, below the strongest published baseline (the 4-term Cauchy equation).
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