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Extended DataFig. 3| 50 random molecules generated by CoCoGraph FPS. Molecules are sampled uniformly at random from our generated database.
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Molecule Turing Game

This game consists of 20 rounds. The progress bar below indicates the percentage of the game played

15%

A detailed summary of your performance, including correct and wrong answers, will be available at the end of the game.

Click on the molecule you think is original.
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Extended Data Fig. 4| Web user interface for the Turing-like test experiment. At each round, the web page presents two molecules with same molecular formula,
one generated and one original, and the user has to guess which one is the original one. The user interface also shows a progress bar and additional information.
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Extended DataFig. 5| Architecture of CoCoGraph components. a, The
diffusion model processes the molecular graph through a sequence of
EnhancedGINE layers, the embedding of pairs of nodes are concatenated with
edge properties and processed through two feedforward modules to predict
the probability of bond formation and bond breakage for each possible DES

b: Time model

. Node embeddings  Edge embeddings
Node embeddings Edge embeddings e, Graph
= i Graph I embeddings
i 0 RRerdings N x N x EFEAT { GFEAT

N x NFEAT N x N x EFEAT:_GFEAT N NFEAT e o T
: Aggregation layer [}]
Enhanced GINE module Lot X = (14 @)D D7 (D rey) +g .g
JEN() o)
Processed Node embeddings; i E
Aggregated nozje embeddings Lu
Enhanced GINE module 2
—— N x NFEAT o
Processed Node embeddings; g R e -
[coooo00000000OOOOCO | @
Enhanced GINE module ,  (NFEAT x NFEAT*2) g
3
Processed Global , Feed-forward layer =
Global | o RIC 2] |oooooooooooooooog_\ =
“Imean pool] X | (NFEAT*2 x NFEAT) w

N X (2*NFEAT) !
‘ Feed forward module embeddings
Estlméated t
(o3

Node 1 Node 2 Edge Graph ()
d e
I[TTTTTTTTT] :
- =]
S
¢ Feed-forward layer E
[00000000000000000 | —
—
g
. Feed-forward layer E
[00000000000000000 | O
-]
[}
D
LL

operation. b, The time model estimates the diffusion timestep ¢ of the current
molecular graph using processed node embeddings obtained after applying
the EnhancedGINE module to the features of the molecular graph. ¢, The
message passing component of both models, the EnhancedGINE module.

d, The prediction component of the diffusion model.
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Extended DataFig. 6 | Architecture of CoCoGraph FPS (fingerprint-enhanced)
components. a, The diffusion model processes the molecular graph through
asequence of EnhancedGINE layers. Then, the embedding of pairs of nodes

are concatenated with edge and graph properties and processed through two
feedforward modules, after which the fingerprint processed by the fingerprint
moduleis concatenated. The resulting vector is processed through a feedforward
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network to predict the probability of bond formation and bond breakage for each
possible DES operation b, The time model estimates the diffusion timestep t of
the current molecular graph using processed node embeddings concatenated
with the fingerprint processed by the fingerprint module. ¢, The fingerprint
module of both models.
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Extended Data Table 1| The 36 chemical properties used to evaluate molecules generated by each model

Physicochemical properties

Basic Physicochemical Properties

Molecular Weight Exact Molecular Weight Heavy Atom Count
Number of Valence Electrons N-H/OH Count N-O Count
Fraction Csp3 Quantitative Estimate of Drug-likeness Balaban’s J Index

Lipinski’s Rule of Five Descriptors

Number of H-bond Donors Number of H-bond Acceptors Molecular LogP
Number of Rotatable Bonds Topological Polar Surface Area

Ring and Aromaticity Descriptors

Number of Aromatic Rings Number of Aliphatic Rings Ring Count
Number of Saturated Rings Bertz Complexity

Electronic Descriptors

Molar Refractivity Maximum Partial Charge Minimum Partial Charge
Maximum Absolute Partial Charge Minimum Absolute Partial Charge IPC
EState VSA Descriptor 1

Topological Descriptors (Chi Descriptors)

Chi0O Index Chil Index Chi2n Index
Chi3n Index ChiOn Index

Van der Waals Surface Area (VSA) Descriptors

SlogP VSA Descriptor 1 SlogP VSA Descriptor 2 SlogP VSA Descriptor 3
SlogP VSA Descriptor 4 SlogP VSA Descriptor 5

The properties were selected to identify diverse molecular properties subdivided in 5 groups that represent interesting molecular characteristics desired for molecule generation.
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Extended Data Table 2 | Jensen-Shannon distances between distributions of 1M molecules from PubChem and generated
molecules for each model across all 36 chemical properties

Property ‘ CoCoGraph ‘ DiGress ‘ JTVAE ‘ DeFoG Strict ‘ DeFoG Relaxed
Basic Physicochemical Properties

Molecular Weight 0.0857 0.1421 0.4146 0.1647 0.1554
Exact Molecular Weight 0.0866 0.1432 0.4137 0.1656 0.1563
Heavy Atom Count 0.1359 0.1884 0.4359 0.1889 0.1820
Number of Valence Electrons 0.1116 0.1564 0.4219 0.1667 0.1569
N-H/OH Count 0.1898 0.0594 0.0543 0.0437 0.0440
N-O Count 0.0927 0.1437 0.2391 0.1561 0.1685
Fraction Csp3 0.1072 0.1373 0.1649 0.1257 0.1374
Quantitative Estimate of Drug-likeness 0.1012 0.0969 0.3854 0.0747 0.0805
Balaban’s J Index 0.0633 0.1505 0.1702 0.1752 0.1452
Lipinski’s Rule of Five Descriptors

Number of H-bond Donors 0.1870 0.0710 0.0428 0.0570 0.0718
Number of H-bond Acceptors 0.0512 0.1528 0.1474 0.1403 0.1364
Molecular LogP 0.0581 0.0601 0.2299 0.0442 0.0407
Number of Rotatable Bonds 0.0852 0.0760 0.2505 0.0246 0.0242
Topological Polar Surface Area 0.0404 0.1306 0.2058 0.1307 0.1458
Ring and Aromaticity Descriptors

Number of Aromatic Rings 0.0720 0.1433 0.2206 0.1338 0.1301
Number of Aliphatic Rings 0.1329 0.1380 0.1161 0.0834 0.0680
Ring Count 0.1408 0.2402 0.2337 0.1944 0.1819
Number of Saturated Rings 0.0431 0.0908 0.0879 0.0755 0.0629
BertzCT 0.1443 0.2257 0.3530 0.1961 0.1930
Electronic Descriptors

Molar Refractivity 0.1121 0.1493 0.3996 0.1607 0.1461
Maximum Partial Charge 0.1419 0.1079 0.1921 0.1332 0.1380
Minimum Partial Charge 0.0557 0.0731 0.1016 0.0530 0.0499
Maximum Absolute Partial Charge 0.0395 0.0740 0.0923 0.0619 0.0602
Minimum Absolute Partial Charge 0.1429 0.1056 0.2021 0.1321 0.1377
IPC 0.0006 0.0006 0.0006 0.0006 0.0006
EState VSA Descriptor 1 0.0289 0.0641 0.1198 0.1001 0.1037
Topological Descriptors (Chi Descriptors)

Chi0 Index 0.1207 0.1659 0.4350 0.1718 0.1652
Chil Index 0.1349 0.1858 0.4297 0.1863 0.1783
Chi2n Index 0.0780 0.1358 0.3238 0.1172 0.1019
Chi3n Index 0.0849 0.1509 0.2786 0.1215 0.1055
ChiOn Index 0.1047 0.1339 0.3927 0.1397 0.1273
VSA (Van der Waals Surface Area) Descriptors

SlogP VSA Descriptor 1 0.0555 0.0527 0.0780 0.0700 0.0625
SlogP VSA Descriptor 2 0.1014 0.0965 0.1446 0.1294 0.1275
SlogP VSA Descriptor 3 0.0456 0.0476 0.0524 0.0608 0.0525
SlogP VSA Descriptor 4 0.0912 0.0507 0.0551 0.0673 0.0649
SlogP VSA Descriptor 5 0.1057 0.0828 0.1059 0.0965 0.1105

Lower values indicate better distribution matching between generated and PubChem molecules. Bold formatting indicates the best (lowest) JS distance for each property.
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Extended Data Table 3 | Features used for molecular representation in CoCoGraph models

Feature Type Dimensions Description

Node (atom) features

Element type Node 15 One-hot encoding of atom elements (C, H, N, O, F, etc.)
Cycle participation Node 13 Binary indicators for presence in cycles of size 3-14 and 15+
Heavy atom neighbors Node 1 Number of non-hydrogen connected atoms

Hydrogen neighbors Node 1 Number of hydrogen atoms connected

Bridge count Node 1 Number of bridges the atom participates in

Edge (bond) features

Bond multiplicity Edge 4 One-hot encoding of bond type (single, double, triple, aromatic)
Cycle participation Edge 13 Binary indicators for presence in cycles of size 3-14 and 15+
Bridge status Edge 1 Whether the bond is a bridge (1) or not (0)

Path count Edge 1 Number of distinct paths between bonded atoms

2D distance Edge 1 Spatial distance between atoms in 2D coordinates

Graph (molecule) features

Cycle counts Graph 13 Number of cycles of size 3-14 and 15+

Planarity Graph 1 Measure of molecular graph planarity

Connected components Graph 1 Number of distinct connected subgraphs

Bridge fraction Graph 1 Fraction of edges that are bridges

Simplified bridge fraction Graph 1 Fraction of edges that are simplified bridges

Bond Type Distribution Graph 4 Proportion of each bond type in the molecule

Diffusion process features

Normalized diffusion time Process 1 Normalized time step in the diffusion process (0-1)

FPS model additional features

Morgan fingerprints (ECFP3)  Fingerprint 2048 Binary representation of molecular substructures

Features are divided in 5 groups: node (atom) features, edge (bond) features, graph (molecule) features, diffusion process features (used only in the diffusion model), and FPS features (used

only in CoCoGraph FPS models).
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

D The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] A description of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
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For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  We use a curated dataset of 2.25M molecules from diverse establised molecular databases including Pubchem, ChEMBL, ZINC, NIST, MSDIAL,
GNPS and Agilent METLIN. Our curated database is available at https://zenodo.org/records/18939448. We also use PubChem database as of
31/10/2025 for validation.

Data analysis Data was analyzed, processed and passed to the model through python, with main modules used being PyTorch, RDKit, NumPy, Pandas, Scikit-
lean and matplotlib. Code of the whole project is avaiable at https://github.com/manurubo/CoCoGraph.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy
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https://doi.org/10.5281/zenodo.18939751. The dataset of 8.2 million molecules generated in this work is available at https://doi.org/10.5281/zenodo.18939448.
No access restrictions apply.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Sex and gender were not consided in the study design. This information was not collected, and any findings apply to sex or
gender differentation.

Reporting on race, ethnicity, or ' The only variable that we collected from the human participants was Organic chemistry expertise level. We use this variable

other socially relevant to stratify the results of the Molecule Turing test-like game accuracy in order to identify if higher expertise is related to better

groupings accuracy. We did not use this variable as a proxy for any other variable. We understand Organic Chemistry expertise level as
the academia level a human participant has reached, the participants self reported their expertise by selecting on a
dropdown web item with their expertise. The options were "Highscool", "Undergraduate", and "Postgraduate (Master's or
PhD)". We did not control for confounding variables. For our results, we stratified only between "Undergraduate" (including
"Highschool" too), and "Postgraduate".

Population characteristics Participants were workers, researchers and students from the Chemistry and Mechanical departments of the university
Rovira i Virgili of Tarragona, Spain. We did not obtain any more population characteristics for them except for the Organic

Chemistry expertise level, the population was divided between 57 "Undergraduate" and 64 "Postgraduate".

Recruitment Participants were recruited via an email from the heads of department of the university. Participation was voluntary and
subject to acceptance of web terms.

Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No calculation of sample size was performed. Our sample size was chosen as the result of curating different databases with diverse molecules.
We consider this sample size enough as millions of diverse molecules from different databases is a big chemical space to explore and to learn
from to generate novel valid molecules.

Data exclusions  Molecules excluded from the analysis were duplicates or molecules not properly represented. We decided to work with a reduced dataset so
our model can learn with a stable set of molecules instead of having a very unstable big set of molecules. Molecules over 70 atoms were
excluded from the study for computational resources and focus on drug like molecules. For evaluation, molecules present on any of the
training datasets were excluded from Pubchem reference database.

Replication All atempts at replications were succesfull. To verify the results we have clean installed the repository of github, followed the installation
guide and training directions. After the models were trained, we generated new molecules and compared the results with our actual results.

Randomization | As we work on the objective of generating new molecules, there is not a real need to divide the molecules into sets. Nonetheless, we divided
the dataset randomly by smiles, so there are not duplicate molecules between train and test sets. For evaluation against PubChem, we

randomize totally the 5 sets of 1 Million molecules to compare.

Blinding Investigators were blinded because the randomization is performed by the python code with a random seed,

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied-
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assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.






