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Abstract1

Solvent response governs hydration free energy, yet high-fidelity calculations resolve it afresh for2

every new molecule. We ask whether information already encoded in disparate solvent datasets3

can instead be learned once and reused. SolvAI trains molecular surrogates on six calculated and4

empirical sources, predicts 15 complementary response descriptors from a SMILES string, and5

combines them with structural features in a separate predictor fitted to experimental hydration6

free energies. Inference requires no new solvent simulation. In a matched ExtraTrees comparison,7

the descriptors reduce mean absolute error from 0.303 to 0.202 kcal mol−1 on 85 ARROW solutes8

and from 1.532 to 1.153 kcal mol−1 on an endpoint-disjoint external cohort of 220 molecules.9

Shuffling descriptors among molecules removes the gain; it persists on the 97-molecule subset10

also absent from supervised response sources. The same descriptors often help other endpoint11

families, although the best complete predictor and the most useful source mixture change with12

the evaluation chemistry. Existing solvent calculations can therefore provide reusable supervision13

for molecular prediction, while source choice and transfer beyond small neutral solutes remain14

important tests.15

Introduction16

Hydration free energy is the reversible work of transferring a molecule from the gas phase17

into water. It connects molecular structure to partitioning, binding and reactivity, and is a18

stringent test of how a model balances electrostatics, polarization, dispersion, repulsion and19

solvent reorganization. Experimental values are available for many small neutral compounds,20

notably through FreeSolv, but predicting them with comparable precision remains difficult.1;2
21

Physical simulation resolves solvent response directly. Alchemical methods vary the solute–22

water interaction along a coupling path and combine the resulting ensemble averages; path-23

integral molecular dynamics (PIMD) can also represent nuclear delocalization.3;4 The cost is24

that each new molecule calls for another sampling calculation. On 85 neutral solutes, the25

ARROW study made the accuracy at stake concrete: classical ARROW has a reconstructed26

mean absolute error (MAE) of 0.785 kcal mol−1, falling to 0.205 kcal mol−1 with eight-bead27

PIMD (PIMD8).5 Learned-potential extensions reproduce parts of that physical description,28

but still use trajectories at inference.6;7
29

Prediction from molecular structure offers a different economy: train on earlier examples, then30

answer a new query without repeating their calculations. Graph and three-dimensional predictors,31
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∆-learning and multi-fidelity methods use this principle in different ways.8–11 Physically inspired32

descriptors can bring electrostatics, accessible surface or conformational response into such33

models.12;13 Yet approaches that calculate a continuum or molecular solvent response for each34

query retain a per-molecule physical step.14–17 Can that solvent information itself become a35

reusable molecular representation?36

Predicting a physical descriptor before fitting a downstream property is an established route:37

quantum-chemical descriptors have been learned for reactivity, and a two-stage hydration model38

has predicted solute descriptors instead of calculating them for every query.18;19 The usefulness39

of such a descriptor depends on its relevance, how accurately it can be predicted and how the40

downstream model uses it.20;21 Here the question is whether several complementary kinds of41

solvent information, learned from different sources, remain useful across hydration predictors42

and unfamiliar molecules.43

SolvAI uses the existing datasets as six groups of teachers (Fig. 1). They supply 15 targets44

spanning calculated transfer free energies, empirical solute properties and summaries of how45

water changes conformer energies. Molecular surrogates learn to predict these quantities from46

structure and are frozen before a separate endpoint learns experimental hydration free energy.47

We call each predicted quantity a response descriptor ; the name does not imply a derivative48

with respect to an applied field. Because the two learning stages are separate, we can change49

the hydration predictor while holding the descriptors fixed, or change their surrogates while50

holding the source targets fixed.51

We first ask whether the predicted responses improve a matched hydration predictor and52

whether the gain survives controls that break molecule alignment or separate training from test53

chemistry. We then hold the response representation fixed and vary the endpoint, distinguishing54

the value of adding responses to a given learner from the accuracy of the complete learner.55

Finally, we vary the information used to build the representation and test its behavior on larger56

molecules. The later architecture comparisons are retrospective; their selection protocol is57

detailed in Methods.58

SolvAI: learning solvent response before hydration free59

energy60

Two learning tasks with different supervision61

For a neutral molecule represented by a SMILES string x, the target is its experimental gas-62

to-water transfer free energy y = ∆Ghyd near 298 K. We first train separate molecular models63

on external source datasets. Each model predicts one or more source quantities, such as a64

continuum-solvent free energy or a hydrogen-bonding parameter. These models are surrogates:65

after training, they approximate the source quantities without repeating the source calculation66

or measurement. Their weights are frozen before learning the experimental hydration predictor.67

Writing the frozen surrogate predictions as r̂j(x), our model is68

r̂(x) = (r̂1(x), . . . , r̂15(x)), ŷ(x) = h([s(x), r̂(x)]) , (1)

where s(x) denotes structural features; the standard tabular input contains a 2,048-bit Morgan69

fingerprint and 217 RDKit two-dimensional descriptors. The endpoint h learns how the predicted70

source quantities relate to experiment; it does not sum them as if they were components of71

one physical free energy. The primary comparisons keep the same 15 frozen predictions while72

varying h and, in some models, the structural representation (Table 2). All 15 quantities are73

predicted at deployment, including those whose original source targets were experimental.74
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a The cost of a new solvent calculation

ΔG
hyd

New molecule Sample water · schematic

A new physical calculation is costly

when it must be repeated for every query.

SolvAI learns from existing solvent information.

b Six source datasets teach reusable response maps

Different targets; one common molecular input

SOURCE DATA AND TARGET SOURCE MODEL GROUP PREDICTED RESPONSE

CombiSolv-QM

COSMOtherm water

φ1 1 coordinate

SoluteML

Abraham interaction axes φ2 5 coordinates

OpenFF

Explicit-water + correction φ3 1 coordinate

GBn2

Implicit-water + correction
φ4 1 coordinate

MolSolv

SMD(water)

φ5 1 coordinate

ConfSolv

Conformer-response summaries

φ6 6 coordinates

Freeze six model groups→ 15 predicted response coordinates

c Learn hydration from experimental labels

r ̂(x) · predicted solvent responses

15

s(x) · structure from SMILES

+
SMILES fingerprint RDKit features

h

Endpoint learner

Experimental ΔG labels

ΔG
hyd

Inference: SMILES only; no new solvent simulation or measurement.

d Evaluation separates endpoint and source exposure

ARROW-85

85 absent from all six

supervised source sets

Endpoint: out of fold

External-220

220 endpoint-disjoint

123 source-exposed

97 source-disjoint

Figure 1: Existing solvent information becomes reusable molecular supervision. a, Explicit-
solvent hydration calculations sample a water ensemble for each molecule to estimate ∆Ghyd. The
molecular drawing and solvent halo are schematic, not simulation output. b, Six source datasets teach
separate structure-to-response model groups, frozen before endpoint fitting. Their 1 + 5 + 1 + 1 + 1 + 6

predicted coordinates total 15; a group can contain target-specific fits. OpenFF and GBn2 combine a
physical-energy prediction with a learned experimental residual. Icons and colored ribbons distinguish
sources; they do not depict measured response fields or magnitudes. c, A separate hydration endpoint
learns from predicted responses and SMILES-derived structural features using experimental hydration
labels. The molecule, fingerprint and RDKit-feature glyphs show input types, not actual feature values.
Inference requires only SMILES, with no new solvent calculation. d, Each tile represents one evaluation
molecule: 85 source-disjoint ARROW molecules scored out of fold; 220 endpoint-disjoint external
molecules, including 123 source-exposed and 97 source-disjoint. Strict-97 is nested in External-220.
Identity checks include standardized equivalents. The diagram is architecture-neutral; source learners
and endpoints are compared in Supplementary Table 17 and Table 2.

3



What the response descriptors represent75

The sources offer different views of solvation rather than successive rungs on one fidelity scale76

(Table 1; Fig. 1b). Continuum-solvent calculations estimate transfer energetics; Abraham param-77

eters describe empirical interaction tendencies; corrected explicit- and implicit-solvent estimates78

combine a physical prediction with an experimental residual. ConfSolv adds information about79

how water redistributes conformer energies and solvation responses. Together they give the80

endpoint several kinds of evidence about a molecule, rather than asking one source to stand for81

the whole solvent problem. The source methods and their physical definitions are documented82

in the original literature and Supplementary Methods S3 and Table 1.9;22–27
83

Table 1: The 15 response descriptors and the information they provide. Every listed quantity
is predicted from molecular structure at inference. CombiSolv-QM supplies COSMOtherm targets,
SoluteML supplies Abraham parameters, and MolSolv supplies SMD(water) targets. The last column
describes the released implementation, not an architectural requirement of the framework. Complete
definitions, units and source counts are in Supplementary Table 1.

Source Number Predicted quantity Released surrogate

CombiSolv-QM 1 COSMOtherm water transfer free energy D-MPNN
SoluteML 5 Abraham E, S, A, B, L interaction parameters ExtraTrees
OpenFF 1 Explicit-solvent estimate plus experimental residual ExtraTrees
GBn2 1 Implicit-solvent estimate plus experimental residual ExtraTrees
MolSolv 1 SMD continuum-water transfer free energy D-MPNN
ConfSolv 6 Conformer corrections and water-response distribu-

tions
LightGBM

The source archives contain many calculations per molecule. MolSolv’s 1,729,545 records84

are SMD(water) calculations; ConfSolv’s 5,392,567 are water-conformer records. After quality,85

target and identity filtering, the respective surrogate tables retain 350,359 and 17,829 molecular86

connectivities. Archive records and training rows are different units of counting (Supplementary87

Table 1 and Fig. 2).28
88

Hydration free energy is an equilibrium property of a molecule, not a separate experimental89

label for each constrained geometry. ConfSolv’s six coordinates summarize conformational90

response without reconstructing an ensemble at inference. Supplementary Fig. 7 illustrates this91

distinction, which also matters when comparing the response features with Uni-Mol’s generated92

three-dimensional conformer.29
93

Results94

Separating source supervision from hydration evaluation95

Two experimental settings ask different questions. ARROW-85 provides experimental hydration96

values and a published high-fidelity simulation result for the same small molecules; its folds97

test the learned predictor out of sample. A separate cohort of 220 neutral solutes, drawn from98

original Henry-law measurements, tests prediction outside the endpoint training labels. All99

comparisons of SolvAI in this paper use experiment as the reference; the ARROW simulation is100

an accuracy context, not a model input.101

The endpoint training pool contains 1,280 public hydration labels plus available ARROW102

training folds. The response-source tables exclude every exact or standardized equivalent of103

the 85 ARROW test solutes. All 220 external molecules are absent from endpoint labels, and104

a nested set of 97 is absent from the supervised response sources as well. We distinguish105
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these two forms of exposure throughout because a source calculation for a molecule is not106

its experimental hydration label. Exclusions and affected surrogate refits are documented in107

Methods, Supplementary Table 2 and Supplementary Data 4.108

A matched test of reusable response information109

We begin with a matched question: do the predicted responses add information when the110

hydration learner stays the same? An ExtraTrees ensemble of randomized decision trees30
111

is trained with or without the 15 response columns, using identical labels, folds, structural112

features and training recipe. Each ARROW solute is predicted out of fold by a fit that did not113

receive its experimental label. Structural features alone yield an MAE of 0.303 kcal mol−1; the114

first eight response descriptors reduce it to 0.212, SMD(water) to 0.207, and the six conformer115

summaries to 0.202 kcal mol−1 (Fig. 2b). That final value is numerically close to the published116

ARROW/PIMD8 error of 0.205 on these solutes. PIMD8 is a separate physical simulation,117

while this endpoint learns from experimental hydration labels; the matched test here is the118

comparison with and without response descriptors.119

The gain is distributed across molecules rather than driven by a single large correction:120

absolute error falls for 53 of 85 solutes, and the paired MAE change is −0.101 kcal mol−1 (95%121

bootstrap interval, −0.215 to −0.020; Fig. 2c). The full set also improves more than the tested122

computed-energy, SMD-only or ConfSolv-only blocks in isolation (Fig. 2d). The empirical123

and residual-corrected block contributes on its own, suggesting that the sources supply partly124

complementary information. Molecule-level predictions and residuals are in Supplementary125

Fig. 1 and Data 2.126

Shuffling tests whether the benefit depends on assigning the responses to the correct molecule127

(Fig. 2a). Across five independent permutations of the 15-column block, the fixed-partition128

mean is 0.306 kcal mol−1, close to the 0.303 matched control and far from the aligned-response129

fit. The paired difference between aligned and mean-shuffled descriptors is −0.104 kcal mol−1
130

(95% interval, −0.214 to −0.025). Alignment between a molecule and its predicted response is131

therefore necessary for the observed gain.132

Changing the ARROW partition changes the absolute estimate but preserves the matched133

contrast. Across five complete five-fold partitions, the response-augmented endpoint has an134

average MAE of 0.207 ± 0.004 kcal mol−1, versus 0.313 for structure alone, and improves in135

every partition (Fig. 2e; Supplementary Table 4). Reducing the preset weight of available136

ARROW training labels from 3 to 1 also preserves the contrast (Supplementary Table 9).137
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a Change only the response information

Same structures, labels, folds, weights, learner and seeds

Structure only

0.303
MAE

Aligned responses

0.202
MAE

Shuffled responses

0.306
MAE

b Build the response set c Compare individual molecules

Structure + 8 + SMD + ConfSolv

0.20

0.25

0.30

O
O
F
M
A
E
(k
c
a
l
m
o
l
)

−1

0.303

0.212 0.207 0.202

PIMD8

0 2 4

Structure-only error (kcal mol )−1

0

1

2

3

4

S
o
lv
A
I
e
rr
o
r
(k
c
a
l
m
o
l
)

−1

53/85 improved

d Which source blocks contribute? e Repeat the full partition

−0.2 −0.1 0.0

ΔMAE vs structure (kcal mol )−1

Empirical +
corrected

Computed core

SMD

ConfSolv

Full 15

Structure SolvAI

0.20

0.25

0.30

O
O
F
M
A
E
(k
c
a
l
m
o
l
)

−1

PIMD8

Figure 2: Molecule-aligned response descriptors improve a matched hydration endpoint. a,
The matched control removes the responses; the shuffled control reassigns the complete response block
among molecules. Labels, structural descriptors, architecture, weights, folds and seeds are fixed. The
assignment sketches are illustrative; shuffled MAE is the mean of five permutations. b, Fixed-partition
progression adds eight COSMOtherm, Abraham and corrected-solvent descriptors, then SMD(water),
then six ConfSolv summaries. The dashed magenta line marks ARROW/PIMD8 on the same 85
solutes, as an accuracy reference rather than an input or training source. c, Paired absolute errors in
kcal mol−1 for every molecule. Points below the diagonal mark lower error with responses (teal); gray
points do not improve. d, MAE change for predeclared response blocks relative to structure only; bars
are 95% molecule-bootstrap intervals from 100,000 resamples. e, Paired results for five complete split
repeats. Thin lines join methods within the same partition; black marks show mean ± sample s.d.
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Does the response help beyond one endpoint?138

The matched test raises a second question: does the information in the 15 frozen descriptors139

remain useful when the hydration learner changes? We tested nine fixed endpoint configurations,140

from trees and neural networks to molecular graphs and pretrained encodings (Table 2). For141

each one, a paired fit removes only the response columns while retaining its selected structural142

inputs and training recipe. Thus the comparison asks both how accurate the complete learners143

are and what the responses contribute within each learner. TabM uses a shared-parameter144

neural ensemble, and TabPFN predicts from a pretrained transformer conditioned on labelled145

training rows.31–33 The study is retrospective; configurations were selected using training-side146

validation, with the full protocol in Methods and Supplementary Methods S18.147

Table 2: Endpoint mechanisms and their measured accuracy. All entries include the 15
response descriptors. MAE is in kcal mol−1. Boldface marks the lowest displayed MAE in each column
among these fixed full-response configurations; it does not imply a statistically resolved rank. The
first three columns use the ARROW and external evaluation identities; Strict-97 is nested within
External-220. Neural and TabPFN predictions average five seeds, tree controls three. The final column
is a separate exploratory size-held-out refit on 1,160 training and 205 held-out molecules, using three
seeds for every method. A dash means not evaluated, not zero error. Supplementary Table 13 includes
matched no-response controls and common-three-seed results.

Endpoint Mechanism and observed
pattern

ARROW External Strict Size

ExtraTrees Leaf averages; bounded output 0.202 1.153 1.536 1.772
Residual MLP Residual links; external

response gain
0.340 1.428 2.016 1.813

Dual branch Separate inputs; improved size
transfer

0.288 1.234 1.616 1.560

Ridge + neural
residual

Linear trend + correction; low
Strict error

0.336 1.172 1.429 1.391

Message passing Size-aware graph; external
response gain

0.288 1.168 1.505 1.729

MoLFormer + neural
head

Frozen sequence encoding; low
external error

0.273 1.111 1.450 1.609

TabM Shared neural ensemble; low
size error

0.291 1.132 1.454 1.389

TabPFN-3.5 Label-conditioned transformer;
low size error

0.199 1.134 1.493 1.318

MoLFormer +
ExtraTrees

Frozen encoding + trees; input
contrast

0.234 1.174 1.564 –

The lowest full-model point estimate changes with the cohort: TabPFN reaches 0.199 kcal148

mol−1 on ARROW-85, a MoLFormer neural head 1.111 on External-220, and ridge plus a neural149

residual 1.429 on Strict-97 (Table 2). These are descriptive rankings of complete predictors.150

They cannot tell us whether the same predictor needed the response descriptors.151

The paired fits answer that question (Fig. 3). On External-220 and its nested Strict-97152

subset, seven of nine configurations have below-zero descriptive intervals for the response-153

minus-no-response MAE difference. The neural MoLFormer endpoint, for example, changes154

from 1.332 to 1.111 externally; ExtraTrees, message passing and several other learners also155

benefit. On ARROW-85, the intervals are below zero for ExtraTrees and the two MoLFormer156

endpoints. The contrast has exceptions that make the distinction useful: TabPFN has the lowest157

ARROW point estimate without a resolved response increment, while the lowest full-model158

7



Strict-97 configuration, ridge plus a neural residual, has lower error when its responses are159

removed. The representation can therefore help across architectures without defining a single160

best complete model. Complete paired results, mechanism diagrams and selection variants are161

in Supplementary Tables 13–15, Figs. 8–10 and Data 6.162

−0.2 0.0

ΔMAE

ExtraTrees

Residual MLP

Dual branch

Ridge + neural residual

Message passing

MoLFormer + neural head

TabM

TabPFN-3.5

MoLFormer + ExtraTrees

a  ARROW-85

−0.50 −0.25 0.00

ΔMAE

b  External-220

−0.5 0.0

ΔMAE

c  Strict-97

kcal mol−1; negative favors adding responses

Figure 3: The response contribution varies among endpoint families. a–c, Paired MAE
changes from adding the same 15 response descriptors to each selected endpoint recipe on ARROW-85,
External-220 and Strict-97. Negative values favor response augmentation. Bars are descriptive 95%
percentile intervals from 100,000 paired molecule resamples, conditional on the fitted models and
without multiplicity correction. They are not uncertainty intervals for individual molecular predictions.
Strict-97 is nested within External-220. Horizontal scales differ between cohorts. The no-response
controls inherit the full model’s recipe. Cross-architecture accuracy and seed counts are given in
Table 2; family-specific configuration choices are retained in Supplementary Data 6.

The responses might help only because the structural input to ExtraTrees is limited. A focused163

comparison holds that endpoint fixed while adding the 15 descriptors to frozen MoLFormer164

sequence encodings or Uni-Mol three-dimensional encodings (Fig. 4a). Direct graph predictors165

are shown as separate references; they are not the paired ablation for either frozen encoding.166

The added responses lower ARROW-85 MAE from 0.348 to 0.234 kcal mol−1 with MoLFormer167

features and from 0.334 to 0.220 with Uni-Mol features. Both paired advantages also persist on168

External-220 and Strict-97, with intervals below zero (Fig. 4b,c). Thus the predicted solvent169

quantities provide useful information even beside pretrained molecular representations. The170

direct graph comparisons and their training protocols are reported in Methods and Supplementary171

Tables 11–12; the ten-descriptor source control shown in Fig. 4 is examined with the full source172

set below.173
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a Test alternative molecular representations

Direct graph learning

D-MPNN / CheMeleon

Fit the graph model end to end

Frozen encoder + matched ExtraTrees

MoLFormer

or Uni-Mol

fixed

± response

features

b Compare every model on the same held-out molecules

Structural descriptors

SolvAI · 15 responses

Computation-only · 10

D-MPNN from scratch

CheMeleon fine-tuned

MoLFormer + structure

MoLFormer + responses

Uni-Mol + structure

Uni-Mol + responses

ARROW-85

0.0 0.3 0.6

MAE (kcal mol )−1

External-220

0 1 2

MAE (kcal mol )−1

Strict-97

0 1 2

MAE (kcal mol )−1

c Add responses to each fixed representation

Structure

MoLFormer

Uni-Mol

ARROW-85

−1.0 −0.5 0.0

External-220

−1.0 −0.5 0.0

Strict-97

−1.0 −0.5 0.0
ΔMAE after response augmentation (kcal mol−1); negative favors responses

Figure 4: Response descriptors complement pretrained molecular representations. a,
Direct graph models fit the entire network. Frozen MoLFormer and Uni-Mol representations instead
augment the same structural features and ExtraTrees endpoint; paired fits add or remove only the
15 responses. b, All nine model conditions on ARROW-85, External-220 and Strict-97. Values are
MAE in kcal mol−1; note the different ARROW and external horizontal scales. ARROW predictions
are out of fold. External predictions use all 1,365 endpoint-training labels; Strict-97 is a subset of
External-220, not a separate fit. The ten-response control removes the Abraham parameters and
experimental residual corrections (Fig. 6a). c, Paired changes after response augmentation, relative to
each unaugmented representation. Negative values favor adding responses; bars are 95% intervals from
100,000 paired molecule resamples. Full numerical results and intervals are retained in Supplementary
Tables 11–12.
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Transfer beyond nearby labels174

Random molecular folds can place close chemical neighbors on opposite sides of a train–test split.175

We therefore repeated the ExtraTrees comparison after excluding endpoint-training molecules in176

the test family’s scaffold, functional family or molecular cluster, and after removing neighbors177

above fixed Morgan-similarity thresholds. Each rule applies to the entire endpoint-supervised178

pool; the response surrogates remain fixed.179

Adding responses lowers MAE under every predeclared separation rule (Fig. 5a,b; Supple-180

mentary Table 5). At a similarity exclusion threshold of 0.70, the matched error falls from 0.343181

to 0.211 kcal mol−1. Scaffold and functional-family splits are harder in absolute terms, yet their182

paired intervals also favor the response features. The gain therefore persists without nearby183

endpoint labels; it does not make these difficult splits equally accurate. Full regime values and184

molecule-level family errors are in Supplementary Tables 5–6 and Fig. 5.185

Removing all ARROW experimental labels from endpoint training asks whether the rep-186

resentation needs fold-local adaptation to those 85 solutes. Trained only on the 1,280 public187

labels, the structure-only endpoint has an MAE of 0.385 kcal mol−1, versus 0.257 with responses188

(paired interval for the change, −0.246 to −0.037; Fig. 5c). This is an ARROW-label removal189

test; the separate external cohort tests a more distinct set of molecules.190

The external cohort supplies the stronger transfer test. It was frozen from original Henry-191

law measurements for a separate solvation-model study before that study’s predictions were192

examined.34 On its 220 endpoint-disjoint neutral solutes, responses lower matched MAE from193

1.532 to 1.153 kcal mol−1 (paired change −0.379; 95% interval, −0.517 to −0.248; Fig. 5d).194

Among the nested 97 solutes absent from all six supervised response sources, the corresponding195

contrast is 2.138 to 1.536 (paired change −0.603; interval, −0.863 to −0.359). The strict subset’s196

median absolute error moves in the opposite direction, from 1.102 to 1.244; the mean improvement197

is therefore not a gain for every molecule or every error summary (Supplementary Table 10).198

Absolute errors are also much larger here than on ARROW-85.199

The largest absolute gain occurs where external molecules are least like the endpoint training200

pool (Fig. 5e). Among 35 solutes with nearest training-set Morgan similarity below 0.30, MAE201

is 4.027 kcal mol−1 from structural features and 2.501 with responses. This is an encouraging202

reduction in a difficult region, but the remaining error is still substantial. The full similarity-bin203

counts and estimates are shown in the figure.204
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Structure only SolvAI

a Chemical groups b Nearest neighbors c No ARROW labels
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MAE (kcal mol )−1
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Mean change: −0.128
Δerror: SolvAI − structure

d External matched comparison e Relate error to chemical distance

1.00 1.25 1.50 1.75 2.00 2.25

MAE (kcal mol )−1

220

97

220: ΔMAE −0.379 [−0.517, −0.248]

97: ΔMAE −0.603 [−0.863, −0.359]

0.0–0.3
n=35

0.3–0.5
n=103

0.5–0.7
n=74

0.7–1.0
n=8

0
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2

3

4
M
A
E
(k
c
a
l
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o
l
)

−1

Nearest-training Morgan similarity

Figure 5: Response descriptors reduce error under chemical separation. a, Matched MAEs
after removing every endpoint training label in the held-out molecular cluster, scaffold or functional
family. b, Similarity exclusion removes every training row at or above the indicated Morgan similarity
threshold to a test molecule. c, Molecule-level change in absolute error when no ARROW experimental
label is used for training; negative values favor adding responses. d, Matched performance on the
prospectively frozen external cohort and the subset also absent from every response-source table.
Bracketed values below the plot are 95% intervals from 100,000 paired molecule resamples for the
MAE difference, not intervals for the plotted MAEs. e, External errors in fixed nearest-training
Morgan similarity bins, with all sample counts. The largest improvement occurs in the least similar bin,
where absolute errors also remain largest. These bins describe the cohort, not calibrated applicability
thresholds. All response surrogates use the standardized-equivalent exclusions described in Methods.

Source composition changes transfer behavior205

The response set mixes computed quantities with empirical parameters and experimental residual206

corrections. To distinguish their roles, an additional control (Fig. 6) retains ten computed-source207

descriptors: COSMOtherm, uncorrected OpenFF and GBn2, SMD(water), and the six ConfSolv208

summaries. The predictor, experimental training labels and weights remain unchanged. On209

ARROW-85 this control reaches 0.234 kcal mol−1; its improvement over structural features alone210

has a paired interval spanning zero (−0.191 to 0.022 kcal mol−1). The full 15-descriptor model211
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is better than this control by 0.032 kcal mol−1 (95% interval for full minus computation-only,212

−0.063 to −0.006).213

The ordering reverses outside the reference chemistry. The ten-descriptor model reaches 1.095214

kcal mol−1 on the external 220 molecules, compared with 1.153 for the full model. The paired215

full-minus-computation-only difference is 0.057 kcal mol−1 (95% interval, 0.023 to 0.093). On216

the strict 97-molecule subset, the corresponding errors are 1.422 and 1.536 kcal mol−1, with217

a paired interval of 0.058 to 0.172 for the difference. Computed-source descriptors therefore218

reduce external error relative to structural features alone, while the full source composition is219

more effective on ARROW. This comparison identifies a dependence on source composition and220

evaluation chemistry, rather than a single source set that is uniformly preferable. Both fixed221

configurations are reported; external errors were not used to retune either model.222
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Both models learn hydration from the same experimental labels.
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Figure 6: The preferred source composition changes with evaluation chemistry. a, The
computation-only control removes five Abraham descriptors and both experimental residual corrections,
δ, while retaining the underlying OpenFF and GBn2 physical-energy predictions. The resulting
computation-only set contains ten descriptors. Both models retain the same structural features,
experimental endpoint labels, weights and learner. Each tile denotes one descriptor, not its magnitude.
b, Absolute MAEs for structural features, all 15 responses and the ten-response control on all three
reported evaluation sets. c, Paired full-minus-computation-only MAE differences with 95% intervals
from 100,000 molecule resamples. Negative values favor the full model on ARROW-85; positive values
favor computation-only responses externally. The strict 97 are nested within the external 220. The
external extension is retrospective and compares two fixed configurations without retuning on external
errors. The reversal identifies a dependence on source composition and chemistry, not one uniformly
optimal response set.
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Changing source surrogates changes the transfer trade-off223

The source mixture is only one design choice. Another is how accurately each source quantity224

can be inferred from structure, and whether improving that prediction helps hydration. In a225

retrospective challenge we held the 15 target definitions fixed and compared alternate learners for226

the four source families that had used trees. Source-only validation retained the released recipes227

for Abraham and ConfSolv but selected ridge-plus-neural-residual surrogates for OpenFF and228

GBn2 (Supplementary Method S22; Table 17). Their individual source targets were predicted229

more accurately, whereas the corrected OpenFF and GBn2 descriptors passed downstream230

showed smaller, unresolved changes. Better targetwise source scores did not automatically231

produce better hydration features.232

Replacing only those two surrogate families made the trade-off visible in the hydration233

endpoint. With a protocol-matched ExtraTrees refit, ARROW-85 MAE moves from 0.203234

to 0.238 kcal mol−1, while External-220 improves from 1.192 to 1.075 and its source-disjoint235

Strict-97 subset from 1.595 to 1.352 (paired Strict-97 interval for the change, −0.358 to −0.137;236

Supplementary Table 18). A second endpoint has no clearly resolved gain, and the ExtraTrees237

size-held-out error rises. These results show that source-learner choice can favor one transfer238

setting without improving the others. The challenge does not replace the released model;239

source exposure and the full selection protocol are documented in Methods and Supplementary240

Method S22.241

When response prediction is insufficient242

Some plausible sources do not survive the two-stage route. In exploratory development screens,243

compact ConfSolv summaries helped more than the tested latent representations from the same244

source; additional force-field, pair-interaction and implicit-solvent features did not improve245

their matched endpoints (Supplementary Fig. 3). A useful source target must be relevant to246

hydration, predictable from structure and complementary to the information already supplied247

by other descriptors.248

We also predicted coupling-path energy derivatives from short two-bead path-integral simula-249

tions (PIMD2). Although the surrogates captured broad trends, their component MAEs ranged250

from 1.27 to 5.20 kcal mol−1. Adding the predicted response increased its separate exploratory251

endpoint error from 0.196 to 0.201 kcal mol−1; no PIMD-derived coordinate enters the final252

model. The fuller hierarchy and direct-integration tests are in Supplementary Fig. 4 and Data 1.253

These outcomes test the learned descriptors in this setting, rather than rank the physical source254

methods themselves.255

Testing transfer to larger molecules256

We separate accuracy on labelled larger molecules from the shape of predictions for still larger,257

unlabelled series. For the first test, we held out the largest 15% within each endpoint-label258

source and refitted eight fixed configurations on 1,160 remaining labels. Of the 205 held-out259

molecules, 188 exceed the largest training molecule’s 17 heavy atoms. Their labels had been260

available in earlier random-fold development, so this is an exploratory test of endpoint size261

transfer with the source surrogates held fixed, not an independent test of the whole pipeline262

beyond all prior source exposure.263

On this held-out split, TabPFN lowers MAE from 1.772 for ExtraTrees to 1.318 kcal mol−1
264

(paired difference −0.453; 95% interval, −0.648 to −0.281; Fig. 7a). The responses also help265

TabPFN itself: its matched error without them is 1.959 (response-minus-control interval, −0.847266

to −0.451). Several other neural endpoints improve on ExtraTrees here as well. They are267

useful alternatives for this split, although their separately selected input recipes mean the268
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cross-endpoint difference is not solely an architecture effect (Supplementary Table 15 and269

Data 6).270

Figure 7 also follows capped glycine and alanine series without experimental peptide reference271

values. Those panels test how predictions change with chain length, not whether they are272

physically accurate.273
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Figure 7: Labelled size transfer and unlabelled series answer different questions. a, MAE
on the 205-molecule size holdout after refitting on the same 1,160 training labels. Filled and open marks
denote models with and without responses. All predictions average three seeds. This diagnostic reuses
development labels under a different split. b,c, Predictions along capped glycine and alanine series,
using the full-data models with responses. Neural and TabPFN curves average five seeds; ExtraTrees
averages three. These curves have no peptide reference values and therefore do not rank physical
accuracy. The abscissa is the number of residues between the acetyl and N-methylamide caps; n = 0 is
N-methylacetamide. Colors identify the same families in both panels.

In those unlabelled series, ExtraTrees predictions approach a plateau, while several neural274

endpoints and TabPFN keep changing as residues are added (Fig. 7b,c). That shape is less275

constrained by the fitted range, but it cannot be scored as more accurate without reference values.276

An alkane series makes the point from another direction: TabPFN is non-monotonic between C10277
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and C14, and most tested alkanes already occur in endpoint training. The individual predictions,278

source-label audit and sensitivity to two alkane labels are in Supplementary Methods S20 and279

Data 6.280

Predictive uncertainty adds a final check on using this endpoint for new molecules. TabPFN’s281

nominal 80% and 95% predictive intervals cover only 58.2% and 80.0% of External-220, respec-282

tively, with similar undercoverage on Strict-97 (Supplementary Fig. 11 and Table 16). These283

native intervals have not been calibrated on the external labels; their widths should not yet be284

read as reliable per-molecule error guarantees.285

Discussion286

The value of SolvAI lies in changing when solvent information is used. Instead of resolving a new287

solvent environment for every query, it learns molecular coordinates from earlier calculations288

and measurements, then lets an experimental hydration endpoint decide how those coordinates289

matter. Predicted physical descriptors and multi-fidelity transfer have precedents;8;9;18;19 the290

test here is whether several heterogeneous solvent sources can be combined and reused across291

new molecules and learners. The matched ExtraTrees contrast shows a gain beyond structural292

features, and shuffling the response block among molecules removes it. Chemical-separation and293

external-cohort tests show that part of this information remains useful beyond nearby endpoint294

labels.295

Two kinds of portability matter here. A response representation is reusable if different296

hydration learners can extract value from it; a complete predictor transfers only if it remains297

accurate in new chemistry. The first property is supported by the paired gains across several298

endpoint families, including fits with pretrained molecular encodings. It does not follow from299

ranking complete models by error: the lowest-error learner changes across cohorts, and its own300

response ablation can be neutral or unfavorable. Keeping these questions apart shows what the301

frozen surrogates contribute without attributing every model improvement to them.302

The source-composition reversal shows why adding more teachers is not a monotonic route303

to transfer. Empirical parameters and residual corrections help the full mixture on ARROW-304

85, while the fixed computed-source subset has lower error on both external cohorts (Fig. 6).305

Likewise, a more accurate surrogate for its own source target need not yield a better hydration306

feature. These comparisons do not identify a single mechanism for the reversal; the source307

distributions, prediction errors and endpoint use of each coordinate can all matter. They do308

show that source selection must be evaluated on the intended deployment chemistry, with309

independent labels held out from that choice.310

The same distinction between promising behavior and verified accuracy governs larger311

molecules. The labelled size split tests a different endpoint regime, but earlier development had312

already seen its labels. Peptide and alkane curves show how predictions behave as structures313

grow; without reference free energies, they cannot validate that behavior. The failed PIMD2314

descriptors and undercovered predictive intervals further show that a physically motivated target315

or a numerical uncertainty estimate is not automatically useful at deployment. The present316

evidence is for neutral molecules near room temperature. It does not establish performance for317

ions, other solvents, conformer-resolved energies or forces.318

Independent larger-molecule and new-solvent references are the next decisive tests. They319

would allow source learners to be judged by downstream utility as well as recovery of their own320

targets, and would show how far solvent information learned once can replace a calculation321

repeated for every new molecule.322
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Methods323

Reference set and targets324

The primary evaluation uses the 85 neutral organic solutes reported in the ARROW hydration325

analysis at 298 K.5 One water condition was retained per connectivity. The released benchmark326

table contains canonical structure, experimental hydration free energy, experimental uncertainty327

where available, classical ARROW, four-bead PIMD (PIMD4) and PIMD8 values, and all fold328

assignments. The exact reconstructed PIMD8 MAE is 0.205 kcal mol−1; the source article329

reports approximately 0.20 kcal mol−1.330

Endpoint labels and features331

The public training pool contains 1,280 neutral, benchmark-disjoint experimental hydration332

labels: 1,147 connectivity-resolved records from a FreeSolv/CombiSolv-Exp merge and 133333

SoluteML dGsolvDB3 records supported by at least two source measurements.2;9;23 The Ex-334

traTrees input has a 2,048-bit radius-2 Morgan fingerprint and 217 RDKit two-dimensional335

descriptors. Non-finite values are handled by a median imputer fitted inside each endpoint fit.336

Response surrogates337

Fifteen response descriptors are generated by six surrogate families (Supplementary Table 1).338

CheMeleon-initialized D-MPNNs predict two source families: CombiSolv-QM/COSMOtherm339

and MolSolv SMD(water).35;36 ExtraTrees models predict five Abraham axes and the physical340

and residual components of corrected OpenFF and GBn2 responses. LightGBM models predict341

six ConfSolv conformer and response-distribution summaries. The latter are derived from the342

H2O subset of ConfSolv. The final coordinate list, target units, source sizes, transformations343

and inference calculations are given in Supplementary Table 1. PIMD-derived targets are absent344

from this list.345

Retrospective source-surrogate architecture challenge346

We separately compared five fixed learner candidates for each of four previously tree-based347

source families: the released tree recipe, an MLP using binary Morgan bits, an MLP using348

count features, count-aware ridge and count-aware ridge plus a bounded neural residual. The349

two D-MPNN source families, all source target definitions and the endpoint labels remained350

unchanged. Candidate choice used three source-development folds and a fixed 0.005 target-351

standardized-MAE tie margin favoring the simpler learner. A 20% source test, reserved before352

fitting, was opened only after choice was locked. The source-development choice of Abraham’s353

tree was retained despite the lower test point estimate of an unselected hybrid. Full candidates,354

preprocessing, targetwise and summed-source diagnostics appear in Supplementary Method S22355

and Table 17.356

Endpoint comparisons used three source conditions: the released response matrix; a protocol-357

matched refit of the four tree families; and that refit with only the preselected OpenFF and358

GBn2 hybrids substituted. Every exact endpoint molecule appearing in a source table received359

source out-of-fold predictions; none of the ARROW-85 or Strict-97 identities appeared in any360

supervised source table. ExtraTrees and ridge-plus-neural-residual endpoints were refitted with361

their own locked recipes, identical labels, folds and seeds across source conditions. External-220362

includes source-exposed molecules and is secondary to Strict-97 for this source-stage challenge.363

Its paired intervals use 10,000 molecule resamples and are descriptive, not adjusted for model364
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exploration. The 205-molecule size refit and unlabelled alkane/peptide series are diagnostics,365

not independent validation of extensivity (Supplementary Method S22 and Table 18).366

Matched ExtraTrees endpoint367

For the ExtraTrees endpoint, an ensemble of three ExtraTreesRegressor pipelines30 is used,368

each with 360 trees, maximum feature fraction 0.7, minimum leaf size 2, no bootstrap and369

random seeds 11, 29 and 47. Predictions are averaged. Public endpoint rows have sample weight370

1 and available ARROW outer-training rows weight 3. The matched structure-only model is371

identical except that the 15 response columns are removed.372

Identity standardization373

RDKit 2026.03.5 was used to generate canonical isomeric SMILES, full InChIKeys and connec-374

tivity blocks.37 The confirmatory audit additionally applied MolStandardize cleanup, largest-375

fragment selection, uncharging and canonical tautomer enumeration. Exact and standardized376

benchmark equivalents were removed from every supervised external source. The audit found no377

such match in the endpoint pool. It identified 2 CombiSolv-QM, 32 MolSolv and 22 ConfSolv378

source records beyond the original exact-connectivity exclusion. The affected surrogates were379

refitted with all remaining molecules held in their original train, validation or test split. Full380

pair lists, identifiers and split-verification hashes are released.381

Confirmatory evaluation382

Confirmatory analyses followed a prespecified protocol archived in Git. Documented implemen-383

tation amendments preceded the corrected runs (Supplementary Methods S9). The primary384

partition is the existing five-fold assignment on the 85 molecules. Five complete shuffled K-fold385

partitions use seeds 314159, 271828, 161803, 141421 and 173205. In each outer fold, all 1,280386

public labels and the available ARROW outer-training labels are fitted; the test target is absent.387

Feature blocks, ExtraTrees hyperparameters, sample weights and model seeds are identical388

across all comparisons.389

A separately prespecified one-factor sensitivity repeated the fixed folds after changing only390

the available ARROW outer-training weight from 3 to 1. It retained all source rows, surrogates,391

features, hyperparameters and seeds. Its paired interval used the same 100,000-resample392

convention.393

For the negative control, the 15 response columns are permuted as one block, thereby394

preserving their joint distribution while destroying molecule alignment. Public, outer-training395

and outer-test response rows are permuted separately within each fold. Five permutation seeds396

(88001–88005) are evaluated for the fixed partition and each of the five repeats.397

Chemical separation398

Separation is applied to the complete endpoint-supervised pool. Functional families are assigned399

by a deterministic SMARTS precedence; five outer folds are formed by group. Bemis–Murcko400

scaffolds are canonicalized, with acyclic structures grouped by primary family. Taylor–Butina401

clusters use radius-2, 2,048-bit Morgan fingerprints at Tanimoto similarity 0.70. For each outer402

test fold, every public or ARROW training row sharing a held-out group is removed. A separate403

nearest-neighbor analysis removes every training row with similarity at or above 0.50, 0.60,404

0.70 or 0.80 to any test molecule. No threshold was selected by performance. Exact SMARTS,405

assignments, training counts and maximum retained similarities are released in Supplementary406

Data 3 and the accompanying results/confirmatory/ tables.407
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Zero-ARROW transfer408

The frozen endpoint configuration was fitted once to the 1,280 public experimental labels without409

any ARROW experimental value. Both matched structure-only and full response-descriptor410

models then predicted all 85 ARROW molecules. This analysis measures transfer without411

reference-set endpoint adaptation; it is not described as an independent external test because412

model development used the reference chemistry.413

External validation414

The candidate cohort was frozen for a separate solvation-model validation study, before that415

study’s model predictions, using original-measurement records from Sander’s Henry-law com-416

pilation v5.0.0.34 The intrinsic Henry solubility constant Hcp
s is the aqueous concentration417

divided by the gas partial pressure. Values at 298.15 K were converted using Kc = Hcp
s RT and418

∆Ghyd = −RT ln Kc, corresponding to 1 M ideal gas and 1 M ideal-dilute aqueous standard419

states. Here Kc is the dimensionless aqueous-to-gas concentration ratio, R the gas constant420

and T the temperature. Qualification preceded SolvAI evaluation and required one connected421

neutral solute, supported elements, compatible target metadata and no exact, fragment-parent,422

uncharged-parent or canonical-tautomer equivalent in the 1,280 public or 85 ARROW endpoint423

labels. One previously documented registry conflict was excluded, leaving 220 molecules. A424

strict 97-molecule subset additionally excludes any identity-equivalent occurrence in all six425

supervised response-source tables.426

For the matched ExtraTrees comparison, deployment-style fitting used the same 1,280 public427

plus all 85 ARROW labels, weights, preprocessing, architecture and seeds; only the 15 response428

columns differ. External-cohort labels were not used for fitting, surrogate or feature selection,429

thresholding or model choice in that comparison. The subsequent architecture study reuses this430

already examined cohort and is therefore retrospective, even though its final models do not fit431

these labels. The primary paired analysis and bootstrap convention match the confirmatory432

analysis. Complete eligibility decisions, source-exposure matches and molecule-level predictions433

are released as Supplementary Data 5. Because the compilation is external and molecular434

identities are disjoint, we call this an external molecule-disjoint cohort; we do not claim that all435

historical measurement provenance is independent.436

Additional molecular-model comparisons437

The graph and pretrained-representation comparisons followed a fixed protocol specified before438

their fits. These are retrospective extensions on the existing evaluation sets, not a second439

prospective validation. The same public labels, ARROW folds and sample weights are used for440

every model. Two direct predictors map molecular graphs to experimental hydration free energy:441

a D-MPNN trained from random initialization and a CheMeleon-initialized D-MPNN with its442

encoder fine-tuned.35;36 For each outer training set and seed, 15% of each label source is held443

out internally to select the epoch count by validation MAE, with an 80-epoch cap and patience444

12. The model is then initialized afresh from the same random or pretrained starting weights445

and trained on the complete outer training set for that count. Only this refitted model predicts446

the outer test set. Three seeds (11, 29, 47) are averaged. Supplementary Fig. 6 illustrates the447

selection and refit protocol; Supplementary Methods S14 gives the complete configurations.448

Two further comparisons use frozen pretrained representations: MoLFormer encodes a SMILES449

sequence, and Uni-Mol encodes an RDKit-generated conformer.29;38 Each is concatenated with450

the 2,265 structural features and fitted with the same ExtraTrees ensemble as the matched451

control. We repeat the fit after adding the 15 response descriptors. This paired design tests452

whether the responses add value to pretrained features without changing the downstream learner.453
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The pretrained encoders receive no hydration labels during these fits; their original pretraining454

membership has not been audited for molecular disjointness. All model families and both455

members of each paired comparison are reported, irrespective of their ranking.456

These matched evaluations compare alternative molecular-learning approaches without con-457

flating different data splits or training resources.39 We do not compare the reported errors458

directly with unfiltered FreeSolv leaderboard values: 80 ARROW identities occur in FreeSolv,459

and the supervised response sources require their own exclusions. A conventional FreeSolv460

benchmark would require fold-specific refitting of every affected response source. The external461

97-molecule subset instead tests all six response sources with explicitly audited exclusions.462

The computation-only source control was specified separately before its ARROW fits. After463

that comparison, we extended the same ten-descriptor configuration to the external cohort464

without retuning. Its OpenFF and GBn2 components were recovered from the packaged surro-465

gates and checked against the frozen corrected-response sums before evaluation (Supplementary466

Methods S17). This sequence distinguishes the retrospective source analysis from the original467

prospective external evaluation.468

Broader endpoint search and numerical reproducibility469

The extended study retains the five original ARROW outer folds, the external 220 identities,470

the strict subset and the 15 frozen response predictions. For each outer training pool, random471

inner splits hold out 15% of each source. The selection score is the equally weighted mean of472

public-source and ARROW-source validation MAE, not an outer-test score. Neural fits use473

source weights 1 and 3, respectively. Candidate screening is followed by repeated inner validation,474

longer-training challenges up to 1,200 epochs and a separate width challenge. Each family has a475

locked configuration and training schedule for each outer partition. Final fits restart from their476

specified initialization, restore the inner-validation rows to training, and average seeds 11, 29,477

47, 71 and 101. Matched no-response fits use the same recipe and schedule. The ExtraTrees478

and frozen-encoder/tree controls use seeds 11, 29 and 47; common-three-seed comparisons are479

also reported. Supplementary Methods S18 specifies the search and its limits.480

MoLFormer representations are generated with the encoder’s deterministic evaluation option in481

addition to evaluation mode. An audit found that evaluation mode alone left stochastic attention482

projections active in the earlier cache. We regenerated all study and stress representations483

from the same checkpoint and repeated both the neural-head and fixed-tree comparisons. Only484

these corrected MoLFormer results enter the manuscript’s comparisons. Reload, repeated-query485

and reordered-batch checks verify prediction replay; the packaged ExtraTrees endpoint does486

not use MoLFormer and is unaffected. The discrepancy and corrected hashes are recorded in487

Supplementary Methods S19 and Data 6.488

TabPFN-3.5 uses the pinned full and Fast checkpoints with tabpfn 9.1.0, run locally under489

the provider’s non-commercial license. We do not fine-tune the foundation model. Eight490

candidates combine two checkpoints with four feature recipes; training-side challenges compare491

eight versus 32 ensemble passes and single versus repeated ARROW context rows. Context492

repetition represents source emphasis but is not mathematically equivalent to weighted neural493

loss. Splits precede repetition. The pretrained model’s native preprocessing, including feature494

selection, is retained; this is not an entirely tree-free preprocessing pipeline. Fitted contexts495

contain training labels and are not redistributed.496

Size, series and predictive-uncertainty diagnostics497

The size diagnostic holds out the largest 15% within each source, with stable identity ordering498

for ties. Every model uses the same 1,160/205 split and three seeds; no held-out label is used499

19



in that refit. Configurations come from the locked external-fit recipe. Because the held-out500

labels were accessible in earlier random-fold development, this is an exploratory conditional501

test of size transfer. The source models and their source-level out-of-fold predictions are not502

rebuilt around this size split; exclusion from the endpoint refit does not imply exclusion from503

all source supervision (Supplementary Methods S5 and S20). The unlabelled grid comprises 30504

linear alkanes and 13 members each of capped glycine and alanine series, including the common505

zero-residue molecule. Series identities, source overlap, fingerprint counts and all predictions are506

released.507

For uncertainty evaluation, we transform each TabPFN distribution to the common raw-target508

scale and form an equally weighted mixture across five seeds. Central 80% and 95% intervals are509

quantiles of this mixture, not averages of seedwise quantiles. Empirical coverage is the fraction510

of external labels inside each interval. We also report widths and verify the mixture mean511

against stored point predictions. The external cohort is used only to evaluate these intervals,512

not to calibrate them. Supplementary Methods S20–S21 details these diagnostics.513

Statistics514

MAE in kcal mol−1 is primary. Root mean square error (RMSE), median absolute error and515

the fraction of molecules improved are secondary. All comparisons are paired by molecule.516

Ninety-five percent percentile intervals use 100,000 molecule bootstrap resamples with seed517

20260828. For repeated partitions, each molecule’s absolute error is first averaged across repeats518

before resampling. A predeclared comparison is positive when the complete paired interval for519

candidate-minus-control MAE is below zero, negative when above zero and neutral otherwise.520

We report all prespecified comparisons without multiplicity adjustment and do not treat the521

panel as a single confirmatory hypothesis test. No post-result feature selection is used within522

the confirmatory comparisons. The later architecture search uses training-side validation and a523

locked selection policy; its test intervals are descriptive, conditional on fitted models and not524

adjusted for the many architectures compared.525

Released ExtraTrees deployment artifact526

After evaluation was frozen, the response surrogates were fitted with standardized benchmark527

equivalents removed and the endpoint was refitted on the 1,280 public plus 85 ARROW labels.528

This all-data artifact is used for deployment and the endpoint-disjoint external evaluation;529

ARROW accuracy uses only the appropriate fold-specific fits. Inference parses the supplied530

SMILES with RDKit and converts it to canonical isomeric SMILES before computing descriptors531

and evaluating the six frozen response-surrogate artifacts; three endpoint regressors are averaged.532

This step is not a claim of invariance to tautomer, protonation or salt form. The runtime533

does not read an experimental value, family label, scaffold, fold identifier, trajectory or PIMD534

result. Software versions, hashes and a SMILES-only smoke test are reported in Supplementary535

Methods S12–S13 and Tables 7–8. On the release host, warm CPU inference took a median of536

15.29 s for one molecule and 15.82 s for a batch of 32 (0.494 s per molecule). These measurements537

describe this artifact and hardware; they are not a same-hardware comparison with physical538

simulation or the other endpoint models.539
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inference command uses the ExtraTrees endpoint, and its runtime measurements do not describe568

the alternative endpoints. The source-surrogate challenge code and its full fit records are not569

part of the current public release and will accompany the revised data deposit.570
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