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Developing new molecular compounds is crucial to address pressing
challenges, from health to environmental sustainability. However, exploring
the molecular space to discover new molecules is difficult owing to the
vastness of the space. Here we introduce CoCoGraph, a collaborative and
constrained graph diffusion model capable of generating molecules that

are guaranteed to be chemically valid. Thanks to the constraints builtinto
the model and to the collaborative mechanism, CoCoGraph outperforms
state-of-the-art approaches on standard benchmarks while being more
efficient. Analysis of 36 chemical properties also demonstrates that
CoCoGraph generates molecules with distributions more closely matching
real molecules than current models. Toillustrate the potential of the model,
we created a database of 8.2 million synthetically generated molecules, show

how this database and CoCoGraph could be used for molecular discovery
and conduct a Turing-like test with organic chemistry experts to further
assess the plausibility of the generated molecules, and the potential biases
and limitations of CoCoGraph.

Discovering and developing new molecular compounds is key to
addressing several pressing challenges, including facilitating the
development of new drugs’, the creation of advanced materials? the
design of more environmentally friendly refrigerants®, the identifica-
tion of unknown metabolites® or the discovery of molecules that bind to
disease-associated target proteins’. However, the vastness of the space
of drug-like molecules (-10°° molecules®) renders the discovery of new
compounds a high-dimensional and exceedingly complex problem.
Consequently, these areas stand to benefit greatly fromartificial intel-
ligence tools that cangenerate new molecules with desired properties
or reconstruct molecules from available molecular information.
Traditionally, algorithms for molecule generation relied on
rule-based models and optimization”®. However, these classical
approaches were limited to modifying existing molecules rather than
generating new ones'’. With the progression of deep learning, new gen-
erative models for molecules have been developed by using variational
autoencoders, generative adversarial networks' and graph neural

networks (GNNs)". Despite theirimproved performance, these models
still faced challenges related to scalability, computational efficiency,
molecular validity and/or adherence to chemical constraints' .
Moreover, these models exhibited limited generalization capabili-
ties, often struggling to generate molecules that deviate from those
seen during training".

Advances in diffusion models'*™, which originated from image
generation’?, have led to innovative generative techniques that
alleviate some of these shortcomings. In the context of molecule
generation®?, diffusion models consist of a process that progressively
adds noise (atoms and/or bonds) to a molecular graph, followed by a
denoising process that learns to reconstruct molecules by removing
the noise. The denoising process is then used to generate new mol-
ecules. Tobetter handle molecular constraints and improve sampling
efficiency, graph-based diffusion models®*® such as DiGress* and
CDGS* employ discrete noising processes. Theoretically, thisapproach
facilitates the generation of valid molecules and is able to produce
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new molecules not seen during training. Nevertheless, creating mod-
els that accurately reflect the original molecular distributions while
also generalizing to new molecules remains a challenge'**"*>. More
recentapproaches have explored alternative formulations to address
these limitations, including score-based generative models with con-
tinuous states and continuous time, such as GDSS* and GruM*, and
flow-matching techniques, such as DeFoG**. Although these methods
representimportant advancesin molecular generation, they still face
challenges in accurately capturing the full complexity of molecular
property distributions. Therefore, further improvements in genera-
tive techniques for molecules are necessary to ensure both efficient
generation of chemically valid molecules and the comprehensive
exploration of the chemical space.

Here weintroduce a collaborative constrained discrete diffusion
model (CoCoGraph) that has two key mechanisms (Fig. 1). First and
foremost, we employ a discrete process that involves double edge
swapping (DES) and constrains each atom to always have the correct
valence® ¥, maintaining chemical properties suchas molecular weight,
number of atoms, number of bonds and molecular formula. Second, we
introduce a collaborative mechanismin which two models are trained
ateachstep of the denoising process. The first model (diffusion model)
istrained to predict the DES operationtobe reverted at each denoising
step, taking as input molecular graph features and the diffusion time
step. The second model (time model) learns to predict the time step
of the diffusion process and collaborates with the diffusion model by
informing it of how close the molecular graphis toavalid molecule, so
that the diffusion model can adaptits DES predictionsto the actual (as
opposedto the expected) progress of the denoising process.

CoCoGraphgenerates new molecules with100% chemical validity,
asdefined in the most comprehensive existing benchmark®, and beats
the state-of-the-art on this benchmark. In addition, the distributions
of chemical properties of these generated molecules are statistically
closer to those of the known chemical universe than those produced
by current generative models. Importantly, our constrained collabora-
tive approach achieves these results with up to an order of magnitude
fewer parameters than existing models and better sampling effi-
ciency. The lightness of the model allows us to create a dataset with
8.2 million synthetically generated molecular structures, over which
we conduct a Turing-like test to determine whether human experts
can distinguish between generated and real molecules. We find that
chemists with at least undergraduate training in organic chemistry
canonlyidentify the real molecules with 62% accuracy (59% for those
without postgraduate education). For specific types of molecules,
performanceis statistically compatible with 50% accuracy, which thus
indicates that real and generated molecules are similarly perceived
(although the experiment does not allow confirming that real and
generated molecules are fully indistinguishable). Furthermore, we
show that CoCoGraph canbe used for inpainting-based applications,
where molecular fragments can be added to existing molecules while
preserving their core structure, enabling targeted molecular design.
Our results underscore the effectiveness of our model in navigating
the vast chemical universe, and highlight the potential of our approach
for real-world applications.

Results

A collaborative constrained diffusion model for the generation
of graphs with fixed degree sequence

Discrete graph-based diffusion models for molecule generation such
as DiGress” and CDGS?° have been shown to be superior to continu-
ous ones. More recent models such as Construct® have introduced
constraint-aware diffusion processes specifically designed for graphs.
By using a noising diffusion process that is aware of some chemi-
cal constraints, and automatically satisfies them, these models are
able to enforce specific chemical rules and properties during the
generation process***.

Here we constrain even further the molecular graphs considered
during a given diffusion process, so that each noising/denoising step
preserves the nodes (atoms and thus molecular formula) and degree
sequence (exact number of bonds per atom; that is, valence)* . To
achieve this, at each noising diffusion step we swap two edges, so that
two bonds AB and CD within the molecule are randomly selected and
removed, and two new bonds AC and BD are formed (Fig. 1). By doing
this, molecular graphs diffuse into a Molloy-Reed distribution®?¢42,
which is the maximum-entropy distribution over the space of graphs
with fixed degree sequence. The satisfaction of chemical constraints
by construction implies that: (1) invalid molecules not satisfying the
constraints are never generated; (2) the molecular structure search
spaceisvastly reduced; (3) the chemical constraints donot need tobe
learned; and therefore (4) models can be much smaller and focus on
learning more subtle molecular features.

The denoising diffusion model learns to undo these edge swaps
(Fig. 1; Methods). It takes as input the time step ¢ of the diffusion pro-
cessand the molecular graph, which runs through three graph neural
layers. The resulting node embeddings, together with edge features,
molecular graph features and time, are used to estimate the plausibil-
ity of each edge swap by means of a feedforward network. Note that
although CoCoGraph typically starts by noising a real molecule, it
can also perform generation of molecules starting directly from a
random molecular graph built from an arbitrary molecular formula
(Supplementary Section1).

When using only the diffusion model, we observe that the progress
of the diffusion process is not uniform across the training set—even
after scaling the number of steps by molecular graph size (number of
bonds), some molecules are quickly randomized whereas for others it
takes muchlonger. Therefore, the time feature in the diffusion model
turns out to be not very informative. Based on this observation, we
introduce a time model (Fig. 1; Methods) that estimates how far the
molecular graphis from areal molecule. Thismodel takes asinput the
molecular graph and returns a normalized time, which is fed during
samplinginto the diffusion modelinstead of the actual time step, and
thus collaborates with the diffusion model by providing more relevant
information about the actual position within the diffusion trajectory.
Furthermore, at the conclusion of the sampling process, the model
chooses the molecule with the smallest predicted time throughout the
wholetrajectory (thatis, in principle, the one closest toarealmolecule),
rather than the last generated molecule. The architecture of the time
model is very similar to that of the diffusion model—the input graph
goesthroughthreegraphneurallayers, and the produced embeddings
are used to predict time (Fig.1). An ablation study demonstrates that,
although the collaborative mechanismis less crucial than the constrain-
ing mechanism, it improves the realism of the generated molecules
(Table1; Supplementary Section 3).

A key consequence of our collaborative constrained diffusion
approach CoCoGraph is a significantly more efficient model archi-
tecture that requires up to an order of magnitude fewer parameters
than state-of-the-art approaches and samples new molecules faster
(Table1).Byincorporating chemical constraints directly into the diffu-
sion process, our modelinherently preserves chemical validity rather
than needing to learn these rules. This reduction in model complex-
ity translates into lower computational requirements, making mol-
ecule generation more accessible. Importantly, our design based on
constraints enables the model to allocate its learning capacity into
capturing structural patterns of real molecules, resulting in better
performance despite its smaller size, as we show next.

CoCoGraph outperforms existing generative models for
molecules on astandard benchmark

To comprehensively evaluate the performance of CoCoGraph, we
compare it with state-of-the-art molecular generative models using
the GuacaMol** benchmark suite. This evaluation framework provides
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Fig. 1| Constrained collaborative graph diffusion model, CoCoGraph.

a, Constrained diffusion process. We introduce noise in the molecular graph
by swapping two chemical bonds at each step. We then train diffusion and
time models to revert this process. b, Diffusion model. At each step, it receives
molecular features and the time step as an input and assigns a score to all
possibilities of edge swaps. ¢, Time model. It receives molecular features and

estimates the time step of the current molecular graph. d,e, Sampling model

(d) and example (e). We use trained diffusion and time models in collaboration
to generate a trajectory of denoising starting froma random molecular graph
with a defined molecular formula. We then select the molecule with the smallest
predicted time as the generated molecule (e).
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Table 1| Model comparison on the GuacaMol benchmark evaluated against the PubChem database

Model Number of parameters Valid (%) Valid and Valid, unique KL divergence (%) Samples
unique (%) and new (%) per second
JTVAE® 5.3 million 100 99.9 - 55.9+0.8 -
DiGress® 4.6 million 83.4 83.4 81.6 91.4+01 0.75
GDSS® 0.074 million 957 94.3 91.0 69.8+0.4 7.6
Grum?® 8.2 million 98.5 98.4 92.9 86.6+0.3 114
DeFoG strict® 4.6 million 90.4 90.4 85.3 93.6+0.1 0.40¢
DeFoG relaxed® 4.6 million 98.5 98.5 93.0 93.4+0.2 0.40¢
CoCoGraph (FPS) no time® 3.1 million 100 100 975 94.4+0.6 116
CoCoGraph (BASE)° 0.471 million + 0.063 million 100 99.8 95.7 95.7+04 119
CoCoGraph (FPS)° 3.1 million+1.3 million 100 99.9 957 96.3+0.4 0.98

For the BASE and FPS versions of CoCoGraph and baseline models, we show the number of parameters, the percentage of valid molecules, the percentage of valid and unique generated
molecules, the percentage of distinct generated molecules not in the known chemical universe as represented by PubChem (filtered to <70 atoms without any overlap with the training
datasets, yielding 94.7 million reference molecules), the KL divergence score and the number of samples per second. All models were evaluated on generated molecules with up to 70 atoms.
KL divergence score represents the mean and standard deviation over five runs against 1 million molecules randomly sampled from filtered PubChem. Bold indicates the best performance,
underlining indicates second-best performance. The training dataset is indicated by a superindex next to each model’s name: °ZINC250K; "GuacaMol; “our dataset. “Inference times are
reported from the original publication; all other measurements were performed on identical hardware.

standardized metrics to assess the quality and diversity of generated
molecules. We compare CoCoGraph against six state-of-the-art mod-
els: the junction tree variational autoencoder (JTVAE)", DiGress”,
GDSS*, GruM*and DeFoginbothsstrict and relaxed modes®. Toensure
fair comparison across models trained on different datasets, we evalu-
ate all models against a processed PubChem reference database fil-
tered to <70 atoms and with no overlap with any training dataset (94.7
million molecules), which provides acomprehensive representation
ofthe known chemical universe and allows reliable evaluation of gen-
eralization ability. As an additional naive baseline, we also consider
amodel that makes random modifications to real molecules (Sup-
plementary Section 4).

We consider two different CoCoGraph models (Table 1; Methods).
The BASE version of our model requires 534,000 parameters in total
(471,000 for the diffusion model and 63,000 for the time model), an
order of magnitude fewer than all comparators except GDSS (74,000).
The fingerprint-enhanced (FPS) CoCoGraph model, which incorpo-
rates molecular fingerprints as additional inputs to improve edge
swapping prediction in the diffusion model and time prediction in
the time model, uses 4.4 million parameters, which is still fewer than
all baselines except GDSS.

Both CoCoGraph models achieve 100% chemical validity, which
is a direct consequence of the constrained diffusion approach inher-
ently obeying chemical rules throughout the diffusion process. Perfect
validity is achieved without sacrificing uniqueness (99.8% for BASE
and 99.9% for FPS) or novelty (95.7% for both versions), demonstrat-
ing thatimposing valence constraints does not overly restrict chemi-
cal space exploration. Generated molecules are also distinct from
the original molecules and random molecular graphs that serve as
seed for the generation process (Supplementary Section 2). Some
non-diffusion approaches such as JTVAE also yield perfect validity;
however, as we show next, these models generally have much poorer
property-distribution matching (Table1). Other diffusion models show
lower validity rates. Notably, all CoCoGraph variants achieve the higher
novelty rate among all evaluated models indicating superior explora-
tion of the chemical space.

Beyond validity, uniqueness and novelty, the distribution of phys-
icochemical properties for generated molecules is the critical met-
ric for evaluating generative models. We aim to generate molecules
that are new but plausible, that is, that have physicochemical prop-
erties statistically similar to those of real molecules. The GuacaMol
benchmark quantifies this by measuring the Kullback-Leibler (KL)
divergence between distributions of ten physicochemical properties

of generated molecules and those of real molecules. As demonstrated
by the KL divergence scores (Table 1), CoCoGraph generates mol-
ecules whose property distributions most closely match those of
real molecules, achieving scores of 95.7% and 96.3% for the BASE
and FPS versions. respectively. (The CoCoGraph time-ablated FPS
model achieves significantly lower KL divergence of 94.4%, indi-
cating that the time model improves distribution learning; Sup-
plementary Section 3). These scores significantly outperform all
baseline models. The CoCoGraph FPS model achieves the best over-
all performance, demonstrating that our constrained collaborative
approach more accurately captures the underlying distribution of
molecular properties than existing approaches, producing mole-
cules that better reflect the characteristics of molecules in the known
chemical universe.

To provide more nuance, we analyse in detail each of the ten
molecular properties used in the GuacaMol benchmark. For this
analysis, we focus on the FPS CoCoGraph model (Fig. 2). The distribu-
tions of molecular weight, internal similarity, Bertzcomplexity index
and number of aromatic rings are best approximated by CoCoGraph
(Fig.2a,c,d,e). For molecular log P (Fig. 2b), CoCoGraph outperforms
JTVAE and DiGress but shows slightly lower performance than DeFoG
models. For hydrogen-bond donors, all baseline models achieve better
distribution matching. Overall, CoCoGraph FPS outperforms JTVAE
and DiGress on eight out of ten properties, and both DeFoG variants
on six out of ten (Fig. 2g-j). The BASE CoCoGraph model performs
slightly worse than the FPS model, but still better than the comparators
(Extended DataFig.1).

This improvement across multiple models and molecular char-
acteristics underscores the effectiveness of our constrained collabo-
rative approach in generating chemically valid and structurally new
molecules that are both realistic and diverse in terms of their phys-
icochemical properties. For example, althoughJTVAE-generated mol-
ecules are always valid and plausible, the analysis of the distributions
shows that their physicochemical properties are restricted to narrow
ranges, indicating limited diversity. The same, although to a much
lesser extent, is generally true for molecules generated by other base-
lines. In terms of computational efficiency, CoCoGraph achieves the
second fastestinference speed, generating 1.19 molecules per second
(BASE) and 0.98 molecules per second (FPS). Although GDSS achieves
faster generation than CoCoGraph, it exhibits considerably lower per-
formance on the matching of physicochemical property distributions.
Thus, CoCoGraph achieves the best generation quality while being
computationally efficient.
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Fig. 2| Performance comparison of CoCoGraph FPS on GuacaMol benchmark
properties. a-f, Distributions of six molecular properties: molecular weight (a);
molecularlog P (b); internal similarity (c); Bertz complexity index (d); number of
aromaticrings (e); and number of hydrogen-bond donors (f). For each property,
the distribution of values calculated for molecules generated by CoCoGraph
(blackline) is compared with that of the original molecules from the PubChem
reference database (green area) and with those of molecules generated by JTVAE

Number of hydrogen bond donors Performance log, ratio, R

(purple dashed line), DiGress (orange dashed line), DeFoG strict (pink dashed
line) and DeFoG relaxed (light green dashed line). We show JS distance values
between each model and the original distribution. g-j, Performance log, ratio of
JSdistances between CoCoGraph FPS and comparator models for the ten
properties in the GuacaMol benchmark®: JTVAE (g); Digress (h); DeFog strict (i);
DeFogrelaxed (j). Positive values indicate CoCoGraph FPS outperforming the
comparator model, whereas negative values indicate poorer performance.

Molecules generated by CoCoGraph are plausible on a wide
range of chemical properties

Although standard benchmarks such as GuacaMol provide a useful
starting point for evaluating molecular generative models, they only
assess performance on a limited set of physicochemical properties.
Inaddition, as soonas abenchmark becomes standard, it starts being
used during algorithm design and evaluation, potentially leading to
overfitting of the corresponding properties. To provide a more com-
prehensive evaluation of our model’s ability to generate chemically
plausible molecules, we extended our analysis to a diverse set of 36
chemical properties. Toreduce selection bias, we employed OpenAl’s
O1-mini model, anexternal agent not trained on our model or aware of
our training data and results, to identify a representative and diverse
set of molecular descriptors that can be calculated with RDKit*. This
approach avoids a potential, unconscious tendency to favour prop-
erties where our model performs well, and reduces the likelihood of
selecting properties that are biased toward our model’s training or
performance characteristics. The properties span a wide range of
molecular characteristics including size and composition metrics,
topological features, electronic properties and drug-likeness indica-
tors (Extended Data Table 1).

Following the same methodology as in the previous section, we
calculated Jensen-Shannon (JS) distances between the distributions
of each property for molecules in the PubChem reference database
and molecules generated by the different models that we consider
(Extended Data Table 2). In Fig. 3a-j, we show the distributions of
ten properties.

The comprehensive comparison across all 36 properties is sum-
marizedinFig.3k-n, which shows the log, ratio of JS distances between
CoCoGraph and each baseline. CoCoGraph outperforms other base-
lines in at least 66.6% of properties. The ten properties shown in
Fig.3a-j were selected to reflect this performance distribution: eight
properties (Fig. 3a-g,i) show CoCoGraph outperforming all competing
models; Fig. 3h shows quantitative estimate of drug likeness, where all

models except)TVAE outperform CoCoGraph; and Fig. 3j shows NHOH
count, where all baselines outperform CoCoGraph. CoCoGraph shows
particular strength in topological features (Balaban’s /index), elec-
tronic properties (number of valence electrons and maximum absolute
partial charge) and structural descriptors (heavy atom count, ring
count, topological polar surface area (TPSA))—properties that are
critical for applicationsin medicinal chemistry and drug discovery.In
Extended Data Fig 2, we show that the BASE CoCoGraph model also
outperforms, overall, the benchmark algorithms, despite its much
smaller number of parameters. These results further validate the effec-
tiveness of our constrained collaborative approach.

Alarge database of realistic synthetic molecules

The computational efficiency of CoCoGraph, withits reduced parame-
ter count and high sampling efficiency, enables molecule generation at
scale withmodest computational resources. Our model produces thou-
sands of chemically valid molecules per hour on a single mid-range
graphics processing unit (GPU), allowing us to create acomprehensive
database containing 8.2 million molecules, withonly 7.1% redundancy.
This high efficiency, combined with the 95.7% novelty rate demon-
strated in Table 1, means that our database contains approximately
7.3 million new and unique, chemically valid molecules that are not
presentinthe PubChem database (see Extended Data Fig. 3 for aran-
domsample of 50 generated molecules). Such alarge-scale database
of chemically valid and new molecules may be a valuable resource for
exploring new regions of drug-like chemical space and accelerating
discovery across multiple domains, including drug development and
materials science.

To evaluate how realistic our synthetic molecules appear to
domain experts, we developed a molecular Turing-like test. Experts
inorganic chemistry, biochemistry and related fields were presented
with pairs of molecules sharing the same molecular formula—one real
molecule from our original dataset and one generated by CoCoGraph
(Extended Data Fig. 4). By matching molecular formulas, this design
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Fig. 3 | Detailed performance comparison of CoCoGraph FPS on asubset of 36
chemical properties. a-j, Distributions of ten molecular properties: heavy atom
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likeness (h); maximum absolute partial charge (i); and NH/OHCount (j). For each
property, the distributions for molecules generated by the CoCoGraph FPS
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byJTVAE (purple dashed line), DiGress (orange dashed line), DeFoG strict (pink
dashed line) and DeFoG relaxed (light green dashed line). We show JS distance
values between each model and the original distribution. k-n, Performance log,
ratio of JS distances between CoCoGraph FPS and comparator models for the 36
the properties considered: JTVAE (k); Digress (I); DeFog strict (m); DeFog relaxed
(n). Positive values indicate that CoCoGraph FPS outperforming the comparator
model, whereas negative values indicate poorer performance.

controlled for variables such as molecular size and atom composition,
forcing participants to rely on chemical knowledge about structural
plausibility and physicochemical properties to distinguish between
real and generated molecules. Participants were asked to identify
which molecule was the original across 20 rounds and provide their
level of expertise.

We collected responses from121 experts, totalling 2,420 individual
molecule pair assessments. The results reveal that experts achieved an
overall accuracy of 62% at distinguishing real molecules from those
generated by CoCoGraph (Fig. 4a). Thisaccuracy is significantly differ-
entbut close to the 50% baseline that would be expected from random
guessing. Breaking down the results by level of expertise (Fig. 4b)
shows a slight improvement in discrimination ability with increased
expertise—undergraduate participants achieved 60% accuracy,
whereas graduate participants achieved 64% accuracy.

To further understand the strengths and potential biases of CoCo-
Graph, webreak downthe analysis along several dimensions (Fig. 4c-g).
Larger synthetic molecules are slightly easier for experts to identify,
suggesting increased generation difficulty with molecular complexity.
Molecules with fewer rings are harder to classify, with acyclic molecules
showing expert performance statistically compatible with random
guessing (Fig.4d). Similarly, predominantly aliphatic molecules show
performance compatible with random guessing (Fig. 4f). Although the
null hypothesis of real and generated molecules being indistinguish-
able cannotberejected, this does not prove that they areindeed indis-
tinguishable. However, a Bayesian model selection analysis confirms

that, for these cases, a model assuming that real and generated mol-
ecules areindistinguishable to participantsis favoured over alternative
models (Supplementary Section 5). We found no clear tendency for
conformational flexibility or functional groups (Fig. 4e,g).

Insummary, we found that: (1) even subjects with university-level
trainingin organic chemistry failed to correctly identify real molecules
inclose to four out of ten attempts; (2) for some particular molecules
(acyclic and predominantly aliphatic), performance was actually
compatible with random guessing; and (3) there were no particular
classes of molecules that were systematically wrong and easy to spot,
whichwouldindicate a clear bias. These suggest that CoCoGraph cap-
tures the underlying structural patterns and chemical relationships of
real molecules with high fidelity, while still exploring new regions of
chemical space.

Application to drug discovery through database search and
inpainting-based conditional generation

The 8.2 million molecule database provides a large collection of new
molecules with realistic physicochemical properties. As ademon-
stration of potential applications, we used this database to identify
new molecules with properties similar to paracetamol. For this, we
identified nine key molecular properties and ranked all molecules in
the database based on their Euclidean distance to paracetamol in the
space defined by these nine properties (conveniently normalized). The
top six candidates (Fig. 5a) were structurally diverse but maintained
property profiles similar to paracetamol.
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Fig. 4 |Performancein the Turing-like test. We assessed the performance of
participants in the Turing-like test by computing their accuracy at correctly
identifying the original, non-generated molecule over all attempts. Error bars
represent the standard error of the mean calculated by bootstrapping. a, Overall

accuracy of participants in the Turing-like test. b, Accuracy by level of education
inorganic chemistry. ¢, Accuracy by molecular size in terms of the number of
atoms. d, Accuracy by ring structure. e, Accuracy by conformational flexibility of
the molecules. f, Accuracy by bond type. g, Accuracy by functional group.

Finally, to further illustrate potential uses of CoCoGraph, we
address the same problem ofidentifying compounds with properties
similar to paracetamol by modifying the sampling process to achieve
targeted molecular design through inpainting-based conditional gen-
eration. In particular, the modified sampling combines a fixed original
molecule (for example, paracetamol) and a random molecular graph
corresponding to a fragment with arbitrary molecular formula. The
fragment is connected to the original molecule, and CoCoGraph’s

denoisingis thenapplied only to the fragment while keeping the origi-
nal molecule fixed. This enables the generation of new molecular
candidates that preserve desired structural features while exploring
chemical space through controlled additions.

Theinpainting-based conditional sampling generates candidates
by adding small fragments (2-5 heavy atoms) and medium fragments
(6-15 heavy atoms). We then ranked those candidates as before,
according to their Euclidean distance from paracetamol across nine
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Fig. 5| Molecular candidates similar to paracetamol obtained through
database search and inpainting-based generation. a, Top six molecular
candidates found by searching the 8.2 million molecule database for molecules
with physicochemical properties similar to paracetamol. b, Top six molecular
candidates generated by adding small fragments (2-5 heavy atoms) to

paracetamol by means of inpainting-based conditional generation. ¢, Top six
candidates generated by adding medium fragments (6-15 heavy atoms) to
paracetamol by means of inpainting-based conditional generation. For each
candidate, we show its rank, Euclidean distance (dist) to paracetamol across nine
physicochemical properties and a radar chart of its properties.

physicochemical properties. In Fig. 5b,c we show the top candidates for
each fragment size. This demonstrates that CoCoGraph can generate
plausible candidates through inpainting-based conditional genera-
tion, which could be valuable for lead optimizationin drug discovery,
where specific molecular scaffolds must be preserved while exploring
structural variations.

Discussion

CoCoGraphis a collaborative constrained discrete diffusion model
thatachieves perfect chemical validity by design and generates diverse
andrealistic molecular structures, as verified through comprehensive
benchmarks and expert evaluation. Our approach addresses key chal-
lenges that have limited previous molecular generative approaches.
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Whereas previous models attempt to learn chemical rules into their
parameters, CoCoGraphimposes constraints directly into the genera-
tive process. By building chemical validity into the diffusion process,
our approachis more efficient and allows our model to focus entirely on
capturing the subtle structural patterns of real molecules. As aresult,
when comparing the distributions of the physicochemical properties
ofthe generated molecules, CoCoGraph outperforms state-of-the-art
models such as Digress and DeFog.

Another relevant innovation is the collaborative mechanism
between our diffusion and time models. Ablation experiments using
just the diffusion model with the actual time step as input show lower
performance because the denoising process progresses at different
rates for different molecules. The time model resolves this by learn-
ing how far amolecular graph is from complete denoising, providing
amore informed measure of progress. Unlike other approaches that
use predetermined schedules or revision steps, our model adapts its
predictions to the actual state of the molecule, resulting in a more
precise generation of molecules.

Finally, to show CoCoGraph's efficient exploration of the chemical
space, we generated a database of 8.2 million synthetic molecules, with
7.1% redundancy and 95.7% novelty. This database will be a valuable
resource for the community, as we have illustrated in the application
to the exploration of new drug-like chemical spaces and ranking of
possible drug candidates.

Importantly, CoCoGraph can be tailored to different situations.
By design, the molecular formula is fixed, which could be limiting in
applications in which the molecular formulais unknown. However, in
unseeded mode, CoCoGraph canstart directly from any user-specified
molecular formula and generate molecules with that composition.
Therefore, when exploration of multiple formulas is required, one
wouldjust need to solve the simpler task of generating valid molecular
formulas that CoCoGraph can use asinput.

Anotherissueishow to extend CoCoGraphto generate molecules
that have more than n =70 atoms. The computational complexity of
computing possible double edge swaps among four bonds is O(n*) but,
forapplications requiring larger molecules, the model canbe retrained
with adjusted dimensions and additional computational resources, as
thislimitationis notinherent to the constrains-by-design principle or
the collaborative mechanism.

Our results open the widow to new research directions. A better
understanding of how the model generates molecules would be useful
to assess how it explores the chemical space**. Our synthetic molecule
database could be used to explore chemical space and try to discover
functionalities for the molecules generated by the model*. CoCoGraph
could be extended for conditional molecule generation based on desired
properties or from observed molecular data. In particular, CoCoGraph
may be useful forinverse problems in mass spectrometry (MS)*¢, where
precursor mass canoften constrainmolecular formulaand thus restrict
the search space; conditioning denoising on features derived from
MS/MS spectra could enable spectrum-to-structure reconstruction.
Finally, our inpainting-based conditional generation could address
drug optimization by enabling fragment growing or replacement while
preserving a fixed scaffold. These directions would build upon our
constrained, collaborative approach that guarantees valid molecule
generation with property distributions closely matching real molecules.

Methods
Molecular data processing
We used for training a curated dataset of 2.25 million molecules derived
from several established molecular databases including PubChem,
ChEMBL, ZINC and NIST. The process of curating and processing
our molecular database involved multiple steps to ensure quality
and consistency.

Initially, all molecules were represented in simplified molecular
input line entry system (SMILES) format. Using RDKit, we canonicalized

these SMILES strings based on their InChl keys to establishastandard-
ized representation. During this process, we eliminated duplicates and
moleculesthat could notbe properly converted. We deliberately chose
to work with a reduced but stable set of molecules that are consist-
entlyrepresented, rather thanincorporating alarger quantity of mol-
ecules from different datasets with inconsistent representations. This
approach ensures that our model learns froma clean, uniform dataset
rather than having to accommodate representation inconsistencies
that might exist across different molecular collections.

After canonicalization, the SMILES strings were converted to
molecular graphs composed of nodes (atoms) and edges (bonds).
For each molecule, we extracted the explicit heavy atoms from the
RDKit molecule object. In addition, implicit hydrogen atoms were
derived and represented as explicit nodesin our graph. This approach
treated all atoms, including hydrogens, as first-class entities in the
molecular graph.

To ensure fair comparison across all models and manage compu-
tational resources, we restricted our dataset to molecules containing
between5and 70 atoms. Thisupper limit represents a practical choice
for our experimental validation rather than an architectural limita-
tion—the constraints-by-design principle and collaborative architec-
ture of CoCoGraph canaccommodate larger moleculesifneeded. The
70-atom threshold was selected because: (1) it enables comprehensive
evaluation while maintaining computational efficiency during training
and validation; (2) the GuacaMol benchmark database, on which other
baseline models are typically trained, contains 90% of molecules with
70 atoms or fewer (median: 48 atoms); and (3) our initial dataset of 2.25
million molecules similarly has 80% of compounds with 70 atoms or
fewer (median: 50 atoms). Thus this threshold did not substantially
restrict the chemical diversity of our training data. After applying
this size filter, approximately 1.67 million molecules remained in our
dataset. We note that the distributions of physicochemical properties
between complete and size-restricted datasets were highly similar
(KL divergence scores >96%), confirming that this filtering does not
introduce biasin model evaluation.

Benchmark evaluation and baseline models

To provide acomprehensive and fair comparison of CoCoGraph against
existing generative models, we established a common evaluation
framework using the PubChem database as a reference dataset and sys-
tematically selected baseline models based on reproducibility criteria.

PubChem reference dataset. To ensure fair comparison across all
models trained on different datasets, we evaluated all models against
the PubChem database, which s the largest publicly available database
of molecules and provides the most comprehensive representation
of the known chemical universe. We processed the entire PubChem
database through the following steps: (1) downloaded all molecules
in SMILES format; (2) canonicalized all SMILES strings using RDKit
based ontheir InChlkeys to establish standardized representations; (3)
removed duplicate molecules after canonicalization; (4) filtered mol-
eculestoinclude only those with 5to 70 atoms to enable fair compari-
sonacross all baseline models; and (5) removed all molecules present
inany ofthe training datasets used in this work (our dataset, GuacaMol
training set and ZINC250K training set). This processing resulted in a
reference dataset of 94.7 million unique molecules.

For the evaluation metrics reported in Table 1, we calculated
novelty by comparing generated molecules against the complete
processed PubChem reference dataset (94.7 million molecules). For
the KL divergence score, whichis the primary metric in the GuacaMol
benchmark for assessing distribution matching quality, we randomly
selected fiveindependent groups of 1 million molecules each from the
processed PubChem reference dataset (restricted to molecules with
fewer than 70 atoms). We used the same five groups for evaluating all
models to ensure fair comparison.
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Baseline model selection and evaluation. For baseline models, we
generated molecules as follows. For JTVAE, we used the publicly avail-
able code to train the model and generated molecules. For DiGress,
GDSS and GruM, we used the publicly available pretrained model
weights and sampling code to generate molecules. For DeFoG, the
authors provided pregenerated molecules which we used directly. For
allmodels, we filtered to molecules with 70 atoms or fewer.

Inference time measurements (reported as molecules per second
in Table 1) were calculated on identical hardware (NVIDIA RTX 4090
GPU) for allmodels except DeFoG. For CoCoGraph, DiGress, GDSS and
GruM, we measured the wall-clock time required to generate 10,000
molecules and calculated the throughput as molecules per second.
We do not report inference times for JTVAE. For DeFoG, we report the
inference times as published in their original paper.

Molecular graph diffusion

As introduced in the main text, our approach uses a discrete diffu-
sion process based on DES that preserves atomic valence constraints
throughout the diffusion trajectory, ensuring chemical validity. Here
we describe the mathematical formulation of the noising process and
the denoising process. The details about how the collaborative interac-
tion between our diffusion and time models enables efficient genera-
tion of valid molecules are provided in ‘Sampling of new molecules’.

Noising process. Our diffusion process is built upon a valence-
constrained mechanism that ensures that all molecular graphs
throughout the diffusion trajectory maintain chemical validity. The
core of thismechanismis the DES operation, inwhichwe: (1) randomly
select two edges e, = (i,j) and e, = (k, [) in the molecular graph G;; (2)
remove these edges; and (3) create two new edges e; = (i, k) and e, = (j, [)
by cross-connecting the atoms of the original edges. This process
ensures that each atom maintains its original valence because each
atom loses one bond and gains another. By iterating this process, the
molecular graph diffuses toward a Molloy-Reed distribution®?*,
which is the maximum-entropy distribution over graphs with a fixed
degree sequence.

Mathematically, the DES operation can be described as a transfor-
mation T: G,_, »> G,. Since each DES operation affects four bonds (two
bonds are removed and two new bonds are created), the number of
DES operations needed to completely randomize amolecule is approxi-
mately 25% of the total number of bonds. Unlike existing discrete dif-
fusion models, which use a constant transition matrix, our diffusion
approachis aMarkov process where the transition probability from a
molecular graph G,_,toanoisier graph G,dependsonG,_,. Therefore,
there is no general closed-form expression for the ¢-step transition
matrix. The multidimensional transition matrix Q,has elements [Quljurr
whichrepresent the probability that an edge (i,j) and an edge (k, [) are
removed (note that there might be other edges remaining between
(i,j) and/or (k, [) if the original multiplicity of those edges was larger
thanone:thatis, if thebonds were double or triple) and edges (i, k) and
(j, 1) are created (note that edges (i, k) and/or (j, [) may already exist, in
which case we simply increase the multiplicity of such edges) and are
given by

[Q ] — F[(i,j,k,[)
D R XN N ND)

Where F(i,j, k, [) is function that determines the feasibility of remov-
ing edges (i,/) and (k, [) and creating valid edges (i, k) and (j, [) given
molecular graph G,. This functionis defined as

if removing (i,j) and (k, [) and creating (i, k)
F(ij, k) = and (j, [) results in a valid molecular graph

0 otherwise

For F(i,j, k, ) toequal, the following conditions must be met.

(1) Allfour nodes must be distinct,i#j#k#L

(2) Edges (i,j) and (k, [) must exist in G,.

(3) The new edges must give rise to, at most, triple bonds.

(4) The connectivity of the resulting graph G, ,, must be
maintained.

Denoising process. The denoising process in our molecular graph
diffusion is mathematically formalized as an optimization process
that seeks to reverse the structural modifications introduced during
the noising process. More precisely, let G, be the molecular graph at
time t during the diffusion process and let G, be the original molecular
graph. The objective of the denoising processis to find a sequence of
transformations T G,> G,_, that reverse the structural modifications
andrecover achemically valid molecular graph with properties similar
to those of real molecules. This process is implemented through our
constrained collaborative mechanism, which employs two specialized
models that work in tandem—a diffusion model and a time model.

Each denoisingstep takes asinput the molecular graph G,and the
normalized time step ¢, and selects a suitable DES. To do this, the dif-
fusionmodellearns three probability distributions: (1) the probability
[Q;(6.6y, Gb)]ijkl = Probyg g, g, (select (i,)) & (k, D)|G,, t) of selecting (i, /) and
(k, I) for the next denoising DES; (2) the probability [P°"™(, pl;
= Proby g, ((i.j) exists |G, of forming an edge (i, j); and (3) the probabil-
ity [Pbreak(g, e,,)]ij = Proby, ((i.j) does not exist |G, ) of breaking an
edge (i,)).

Some parameters 6 of these distributions are shared among all
models, whereas others (6, 6,) are specific to different distributions.
These parameters are learned so as to minimize three correspond-
ing binary cross-entropy (BCE) loss functions. For DES prediction,
we minimize

1 _ —
Loce-oes = ~5; @Zm [y,f,jk[l log [Q;(6.67.6)],,, o
5K, 1
+ (1 —ylfﬁdl) log (1 -[Q7%(6.6f, Bb)]ijkl)]

where N, is the number of feasible quadruplets (i, k, [) and y?ﬁ(} isthe
binary labelindicating whether DES (i,j) and (k, ) is the one that actually
led from G, _, to G,during the (forward) noising process.

For bond formation prediction we minimize

Lnce-torm = —Nip ) |yf’ 1og [PP™(6.67)],,+ (1 -y} ) log (1~ [PP™(6.67)], )|
@)

where N, is the number of pairs of nodes in the molecular graph and
yg.o indicates whether edge (i, /) should be formed with respect to the
original molecule (time t=0).

Finally, for bond breakage prediction we minimize

LBCE-break = _Nif (%;) [yso log [P‘t’fe“k(e, eb)][j (3)
(=)o (-1 001

where N,is the number of pairs of edgesin the molecular graph and yfj’.o
indicates whether edge (i,j) should be broken with respect to the origi-
nal molecule (time t=0).

The denoising process also requires atime model, whichlearnsto
predict the normalized time step of the diffusion process. This model
takes as input the molecular graph G, node features X, edge features
Eandthe graph features g, and estimates how far the current molecu-
lar graph is from the original molecule, providing a normalized time
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value between 0 and 1. The time model is trained using mean squared
error (MSE) loss

2
Lmse = (tpred - [real) 4)

In ‘Sampling of new molecules’, we describe how these mod-
els are used in the actual process of sampling, that is, of generating
new molecules.

Diffusion model and time model architectures

Our collaborative constrained diffusion approach is implemented
through two separate neural network architectures that process
molecular graph features and work together during inference—the
diffusionmodel and the time model. These architectures are designed
to efficiently handle the graph-structured data while keeping the
parameter count low. The valence constraints are enforced by the DES
mechanism rather than by the neural architectures, which just make the
predictions for pairs of edges to choose during the denoising process.
Extended DataFig. 5 provides acomprehensive overview of our model
architectures for the BASE CoCoGraph model.

Diffusion model architecture. The diffusion model employs a GNN
architecture consisting of two main components: (1) amessage-passing
component that processes node, edge and graph features and the
diffusion time; and (2) a prediction component that estimates edge
probabilities from processed features (Extended Data Fig. 5a).

The most important component of the diffusion model is the
message-passing component (Extended Data Fig. 5¢), which uses a
sequence of three enhanced graphisomorphism networks* with edge
features (EnhancedGINE) layers. These layers extend the standard
GINE layers by incorporating global graph features directly into the
message-passing mechanism. Each EnhancedGINE layer transforms
node features into 124-dimensional embeddings, with the final layer
outputs capturing comprehensive atomic environments. The archi-
tecture can be summarized as follows.

(1) Initial feature processing: Node features X, edge features E,
graph features g and the diffusion time ¢t are processed by the
first EnhancedGINE layer.

(2) Hiddenrepresentations: The output embeddings are passed
through a nonlinear activation function followed by a
feedforward layer. This is repeated for the second and third
EnhancedGINE layers, with residual connections between
layers to preserve information flow.

(3) Node embedding aggregation: After the EnhancedGINE
layers, we obtain embeddings for each node that capture its
local and global context within the molecular graph.

(4) Edge probability: For each pair of nodes, the correspond-
ing node embeddings are concatenated to each other and
to edge and graph features, and processed through two
different feedforward networks, each with 256 hidden units
(Extended Data Fig. 5d), to predict: (1) the probability of bond
formation between each pair of atoms; (2) the probability of
bond breakage for existing bonds.

(5) Double edge swap probability: These individual bond prob-
abilities are combined to compute the probability of each
possible DES operation.

The probabilities for the DES are computed outside of the model
by combining the probabilities of bond formation and bond breakage
foreach possible DES operation. This architecture efficiently processes
molecular graphs with approximately 471,000 parameters for the BASE
model. The neural network makes no assumptions about chemical
validity—it focuses solely on learning structural patterns from the
training data, whereas the valence constraints are handled externally
by the diffusion process.

Time model architecture. The time model shares a similar GNN
backbone with the diffusion model but serves a different purpose. It
estimates the progress of the diffusion process by predicting how far
the current molecular graphis froma valid molecule. Its architecture
consists of (Extended Data Fig. 5b).

(1) EnhancedGINE layers: Three layers that process node, edge
and graph features similarly to the diffusion model, maintain-
ing the same 124-dimensional embeddings.

(2) Graph-level embedding: Node embeddings are aggregated
using mean pooling to obtain a fixed-dimensional representa-
tion (124-dimensional) of the entire molecular graph.

(3) Time prediction: The graph embedding is processed through
asimple feedforward network (64 hidden units) that outputs
ascalar value between O and 1, representing the normalized
diffusion time.

With approximately 63,000 parameters, the time model is sig-
nificantly smaller than the diffusion model while still providing crucial
guidance during the denoising process.

FPS model variant. The FPS variant of CoCoGraph extends the BASE
models by incorporating molecular fingerprints that capture substruc-
turalinformation. Thisarchitecture, depicted in Extended DataFig. 6,
processes the 2,048-dimensional Morgan fingerprints (ECFP3) by the
following methods.

(1) Fingerprint processing: The binary fingerprint vector is
passed through a dedicated feedforward neural network
(with layers of 1,024, 512 and 256 units) that reduces its dimen-
sionality while preserving substructure information.

(2) Featureintegration: The processed fingerprint features
(256-dimensional) are concatenated with the graph embed-
dings before the final prediction layers of the diffusion and
time models.

(3) Enhanced prediction: The combined representations enable
the models to make predictions informed by both graph
structure and specific molecular substructures.

This enhancement increases the parameter count to approxi-
mately 3.1 million for the diffusion model and 1.3 million for the
time model, but improves performance by incorporating explicit
substructural information.

Molecule featurization

Molecule featurization transforms molecular information into
structured numerical data that can be processed effectively by our
models. By extracting relevant features at the node (atom), edge
(bond) and graph (molecule) levels, we allow CoCoGraph models to
accurately capture the molecular properties that characterize valid
chemical structures. These features provide a comprehensive repre-
sentation of molecular characteristics at multiple levels of granular-
ity. Although additional topological and structural features could
be extracted, our experiments suggest that this feature set strikes a
balance between model performance and computational efficiency.
In Extended Data Table 3, we summarize the molecular features used
by CoCoGraph, which we describe in more detail next.

Node-level features. At the node level, we extract features X that
encode both chemical and structural properties of each atom: (1)
one-hotencoded representation of the atom’s element (15 dimensions
covering the most common elements in organic chemistry; namely,
boron, nitrogen, carbon, oxygen, fluorine, phosphorus, sulfur, chlo-
rine, bromine, iodine, calcium, potassium, sodium, magnesium and
hydrogen); (2) binary indicators showing presence in cycles of sizes
3to14, and larger than 14; (3) number of non-hydrogen neighbouring
atoms; and (4) number of bridges the atom participates in. These node
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features enable the model to understand the chemical environment
around each atom when predicting valid DES operations.

Edge-level features. For edges, we extract features Ethat describe
bond properties and their structural role in the molecular graph:
(1) one-hot encoding of bond multiplicity (single, double or triple);
(2) binary features indicating participation in cycles of sizes 3 to
14 and more than 14; (3) binary indicator of whether the bond is a
bridge; (4) number of distinct paths between the two atoms of the
bond; and (5) two-dimensional distance between the atoms in the
molecular graph. These edge features allow the diffusion model
to identify bonds that can be validly swapped while maintaining
chemical constraints.

Graph-level features. At the whole-graph level, we capture global
structural properties g: (1) number of cycles between sizes 3 to 14
and above 14; (2) ameasure of whether the molecular graphis planar;
(3) number of connected components; (4) fraction of edges that are
bridges and simplified bridges; and (5) proportion of each bond mul-
tiplicity in the molecule. In addition, the diffusion time step is stored
asanormalized feature between 0 and 1, providing temporal context
during the diffusion process.

Molecular fingerprints in FPS models. For our enhanced CoCoGraph
FPS model, we incorporate Morgan fingerprints*® with a dimension-
ality of 2,048. These fingerprints capture the presence of specific
substructures within the molecule, providing a rich representation
of molecular motifs that may not be explicitly captured by the other
features. Theinclusion of these fingerprints allows the FPS CoCoGraph
modeltoidentify patterns of substructural arrangements that correlate
with valid chemical transformations, enhancing its ability to predict
realistic DES operations.

Feature normalization. All extracted features are normalized to ensure
balanced contribution to the model’s learning process. For categorical
features such as element type and bond multiplicity, we use one-hot
encoding. Count-based features are normalized to appropriate ranges,
whereas binary features remain as O/lindicators.

Model training

Our training dataset consisted of 2.25 million molecules derived from
established molecular databases as described in ‘Molecular process-
ing’. For computational efficiency, we processed the dataset in slices
of approximately 100,000 molecules, with 80% allocated for training
and 20% for validation. Molecules were filtered based on our estab-
lished criteria (5-70 atoms, valid chemical elements and a single
connected component).

The training process leveraged animplicit form of data augmen-
tation arising from our diffusion methodology. Although the dataset
contained a finite number of molecules, our constrained diffusion
process generated a different random intermediate graph for each
molecule during each training iteration through the application of
random DES operations. This approach effectively expanded the train-
ing distribution, enhanced generalization capabilities and prevented
overfitting to specific diffusion trajectories.

Diffusion model training. We trained the diffusion model using a
stepwise approach with batch size 12. For each step in the diffusion
trajectory, we computed features as detailed in ‘Feature extraction’.
We trained the model by processing pairs of consecutive diffusion
steps, which yielded better performance compared with batchwise
or molecule-wise training.

The training used three weighted binary cross-entropy loss com-
ponents, as described above. Each loss was weighed and masked and
applied to the model normalized by the number of diffusion steps

processed in each backward pass to ensure stable training regardless
of molecular size or diffusion trajectory length.

Time model training. We trained the time model using a similar data
processing approach to the diffusion model, withidentical batch sizes
and dataset slicing. Unlike the diffusion model, which predicts edge
swapping operations, the time model was trained to predict the normal-
ized diffusion time (ranging from 0 to1) corresponding to eachgraph
state in the diffusion trajectory.

We employed a simple mean squared error loss between the
predicted normalized time and the actual time step of the diffusion
process. This model provides crucial guidance during the denoising
process by informing the diffusion model of the actual progress of
denoising, asillustratedin Fig. 1.

Optimization and computational implementation. The BASE vari-
ants of the diffusion and time models were trained for three epochs
with an initial learning rate of 107%. The FPS models were initialized
withone epoch pretrained BASE weights and fine-tuned for two more
epochs using differential learning rates: 10~ for pretrained parameters
and 107*for the new fingerprint-related parameters, which preserved
learned knowledge while allowing fingerprint-specific parameters to
adapt more rapidly.

To manage the computational load, we implemented several
efficiency measures, including distributed dataset processing with
checkpoints saved every 1,000 batches, state preservation across
slice boundaries and parallel feature computation using a process
pool executor with 24 workers. The complete training process for all
model variants required approximately 60 days on a single NVIDIA
RTX 4090 GPU.

Sampling of new molecules

For the sampling of new molecules, we employ our collaborative con-
strained diffusion model. During the sampling process, both the dif-
fusion and time models work together to generate the final molecule.
Initially, amolecular formulais selected directly fromthe database. This
molecular formula determines the atoms (nodes) and their valences
(degree constraints) for the generation process. Arandom molecular
graph G thatsatisfies these constraints is then constructed using the
noising process as described above.

During the denoising process, a cycle is repeated where the dif-
fusion and time models are applied iteratively to generate the final
molecule. At step ¢, the molecular graph features are extracted, and
the diffusion modelis applied to obtain the probabilities of DES opera-
tions, bond breakage and bond formation. Based on these probabili-
ties, arandom selection is made from the possible DES operations
with a probability greater than a threshold (initially set at 95%). If the
threshold prevents any operation from being selected, the threshold
isreduced by 5%.

After aDES operationis selected and applied, the resulting graph
is verified to ensure that it has not been previously encountered in
the sampling process and that it remains fully connected—a critical
requirement for valid molecules. If these conditions are met, the time
model is applied to predict the normalized diffusion time t,,,.4 of the
current graph state. This cycle is repeated for a predetermined num-
ber of diffusion steps, calculated based on the number ofbondsinthe
molecular formula.

Finally, from the trajectory of molecular graphs generated from
Gralong with their diffusion time predictions, the output molecule
is selected as the graph with the normalized diffusion time ¢, clos-
est to 0. This selection mechanism, which prioritizes graphs that the
time model identifies as being closest to valid molecules rather than
simply taking the final graph in the sequence, is a key advantage of
our collaborative approach. The result is a chemically valid molecule
with the specified molecular formula, generated through a controlled
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and constrained diffusion process, and validated by the collaboration
between our diffusion and time models.

Inpainting-based conditional generation

Fragment library generation. To enable inpainting-based conditional
generation, we first constructed a library of molecular fragments by
systematically breaking bondsinmolecules fromour training database.
For each molecule, we identified all single bonds not participating
in ring structures as potential breaking points. Breaking each bond
produces two fragments, and we retained those within specified size
ranges, namely, 2-5 heavy atoms for small fragments and 6-15 heavy
atoms for medium fragments.

For each size category, we calculated the molecular formula of
all extracted fragments and ranked them by frequency of occurrence
across the training database. We retained the top 500 most common
fragments for each size category, ensuring that the fragment library
represents chemically relevant and frequently occurring formulas of
substructures. This frequency-based selection ensures that inpainting
operations use realistic molecular building blocks rather thanrare or
fragment formulas.

Sampling procedure for inpainting-based conditional generation.
Inpainting-based conditional generation combines an existing mol-
ecule (which will be preserved) with anew molecular fragment (which
will be added and refined). The process consists of four main steps:
(1) fragment selection and random graph generation; (2) molecular
connection; (3) constrained denoising; and (4) candidate evaluation.

First, a fragment molecular formulais randomly selected from
the appropriate fragment library (small or medium). We construct a
random molecular graph for this fragment that satisfies all chemical
constraints (Supplementary Information Section 1, for details on the
random graph construction procedure). This noisy fragment graph
serves as the starting point for the inpainting process.

Second, we connect the fragment to the original molecule at a
randomly selected attachment point. The attachment point must be
a heavy atom in the original molecule that is bonded to at least one
hydrogen atom. We break the bond between this heavy atom and
one of its hydrogen atoms, and similarly identify a heavy atomin the
fragment that is bonded to hydrogen. By removing one hydrogen
from both the molecule and the fragment, and creating a new bond
between the two heavy atoms, we ensure that valence constraints are
preserved throughout the connection process. The result is a single
connected molecular graph containing both the original molecule
and the noisy fragment.

Third, we apply the constrained denoising process to refine the
fragment while keeping the original molecule fixed. To achieve this,
we modify the diffusion model’s prediction step by masking all DES
operations that would involve bonds within the original molecule.
Specifically, for any potential DES operation that would remove or
create bonds between atoms that were both present in the original
molecule, we set the corresponding probability to zero. This masking
ensures that only bondsinvolving at least one atom from the fragment
can be modified during denoising, effectively freezing the original
molecular structure while allowing the fragment to be refined into a
chemically valid and contextually appropriate addition.

Finally, the denoising process proceeds as described in‘Sampling
of new molecules’, with the diffusion and time models collaborating
to generate a trajectory of molecular graphs. The molecule with the
smallest predicted time is selected as the final generated structure.

Paracetamol candidates. For the paracetamol candidate evaluation
presentedinFig. 5, weimplemented aproperty-based searchapproach.
For a target molecule (in our demonstration, paracetamol), we first
identified nine key physicochemical properties: molecular weight,
molecular log P (lipophilicity), TPSA, number of hydrogen-bond

donors, number of hydrogen-bond acceptors, number of aromatic
rings, quantitative estimate of drug likeness, synthetic accessibility
score and molecular complexity (Bertz index). We calculated these
properties for the target molecule, for all 8.2 million molecules in the
database using RDKit and for 3,000 generated candidate molecules for
each fragmentsize inpainting category (small and medium additions).

To enable meaningful comparison across properties with dif-
ferent scales, we normalized each property value to the range [0, 1]
based on typical ranges for drug-like molecules. We then calculated
the Euclidean distance from each molecule to the target molecule in
this nine-dimensional normalized property space. Molecules were
ranked on three different ranks (database search, small inpainting,
medium inpainting) by their Euclidean distance, with smaller distances
indicating greater similarity to the target molecule. The top-ranked
candidates (presented in Fig. 5) represent molecules from each set
that most closely match the target’s property profile.

Development of Turing-test web and analysis of results

To evaluate the plausibility of our synthetic molecules, we developed
aweb-based molecular Turing-like test platform. This platform was
designed to present human experts with pairs of molecules and chal-
lenge them to distinguish between real molecules from our database
and new molecules generated by CoCoGraph. The application was
hosted on our laboratory server and made accessible at http://coco-
graph.seeslab.net.

The molecule pairs were drawn from our database of 8.2 million
generated molecules and their corresponding original molecules used
as seed structures. For each testing round, the application randomly
selected a generated molecule uniformly at random from the data-
base, identified its molecular formula and then randomly selected an
original molecule with the same molecular formula from the original
dataset. Importantly, the original molecule paired with a generated
molecule was not necessarily the seed molecule used to generate
it—molecules were matched solely by molecular formula. This pairing
strategy ensured that participants could not rely on trivial differences
such as molecular size or atom composition, which would have been
immediately apparent and bias their choices. Instead, by presenting
moleculeswithidentical formulas, the test forced participants to evalu-
ate structural plausibility and physicochemical properties based on
their chemicalknowledge, providing amore stringent and meaningful
assessment of the generated molecules realism.

Regarding potential duplicate pairs: if agenerated molecule hap-
pened to match an original molecule (which was very rare given the
95.7% novelty rate against PubChem), and by chance that same original
molecule was selected as the pair (whichwould again berare, even con-
ditioned onthe generated molecule not being new), we still presented
itas a pair. This was an extremely rare event and was not problematic,
asitindicated that the generated molecule successfully replicated a
valid existing molecule. Molecules were rendered as two-dimensional
structural diagrams using RDKit’s drawing utilities to ensure clarity and
consistency in presentation.

Test protocol and participant recruitment. Participants were pre-
sented with an information page explaining the nature of the experi-
ment without revealing specific details about the generative model
or selection criteria that might bias their choices. After consenting to
participate and providing their expertise level (high school, undergrad-
uate or postgraduate training in organic chemistry), each participant
proceeded through 20 rounds of molecule comparison. In each round
the following occurred.

(1) Two molecular structures with identical molecular formulas
were displayed side by side.

(2) Theorder of real and generated molecules was randomized
for each pair.
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(3) Participants selected which molecule they believed was from
an established chemical database.

(4) Notime limit was imposed, allowing participants to make
thorough evaluations.

(5) Nofeedback was provided until completion of all 20 rounds to
prevent learning effects.

We recruited participants primarily from the University Rovira
i Virgili, targeting departments of chemical engineering, mechani-
cal engineering, and the faculties of chemistry and biochemistry.
The recruitment process involved email invitations to departmental
mailing lists and direct outreach to research groups. The test was
accessible for a two-week period, allowing participants to complete
itattheir convenience.

Data analysis methodology. For each participant, we recorded their
level of expertise and their selections for each molecule pair. The
primary metric calculated was accuracy—the percentage of molecule
pairs for which participants correctly identified the real molecule. We
analysed this metric globally and stratified by: (1) level of expertise;
(2) molecular size; and (3) chemical properties, including functional
groups, aromaticity and other structural features calculated using
RDKit. Confidenceintervals (95%) for accuracy metrics were calculated
using bootstrap with 1,000 resampling iterations to ensure robust
statistical inference.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The minimum datasets required to interpret, verify and extend this
study are publicly available. The training dataset used in this work is
available viaZenodo at https://doi.org/10.5281/zenodo.18939751 (ref.
49). The dataset of 8.2 million molecules generated in this work is avail-
ableviaZenodo at https://doi.org/10.5281/zenod0.18939448 (ref. 50).
No access restrictions apply.

Code availability

Our code for training our constrained collaborative model, sampling
new molecules and evaluating the results is available via GitHub at
https://github.com/manurubo/CoCoGraph/tree/main. The archived,
citable release associated with this work is available via Zenodo at
https://doi.org/10.5281/zenod0.18940151 (ref. 51). Model weights are
available in the same repository.
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and f, number of H-bond donors. For each property, the distribution of values
calculated for molecules generated by CoCoGraph (black line) is compared to
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strict (pink dashed line), and DeFoG relaxed (light green dashed line). Jensen-
Shannon (JS) distance values between each model and the original distribution
are shown. g-j, Comparison based on the log2 ratio of JS distances between
CoCoGraph BASE and comparator models for the properties in (a-f). Positive
values indicate CoCoGraph BASE outperforming the comparator model, whereas
negative valuesindicate poorer performance.
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BASE on asubset of 36 chemical properties. a-j, Distributions of ten molecular
properties: a, heavy atom count; b, number of valence electrons; ¢, NOCount;

d, Balaban’s ] Index; e, number of H acceptors; f, ring count; g, topological polar
surface area (TPSA); h, quantitative estimate of drug-likeness; i, maximum
absolute partial charge; and j, NHOHCount. For each property, the distributions
for molecules generated by the CoCoGraph BASE model (black line) is compared
to that of the original molecules (green distribution), and to those of molecules
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generated by JTVAE (purple dashed line), DiGress (orange dashed line), DeFoG
strict (pink dashed line), and DeFoG relaxed (light green dashed line). Jensen-
Shannon (JS) distance values between each model and the original distribution
are shown. k-n, Comparison based on the log2 ratio of JS distances between
CoCoGraph BASE and comparator models for the properties in (a-j). Positive
values indicate CoCoGraph BASE outperforming the comparator model, whereas
negative values indicate poorer performance.
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Molecule Turing Game

This game consists of 20 rounds. The progress bar below indicates the percentage of the game played
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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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d, The prediction component of the diffusion model.
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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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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.

>
Q
=)
e
(D
O
@)
=4
o
=
—
(D
O
@)
=
)
(@]
wv
C
=
=
)
<




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

XX NXXNXNXX s
OoOoooogd

Plants

Plants

>
Q
L
C
=
(D
5,
o)
=
o
=
-
@
S,
o)
=
>
@
wv
e
3
=
QO
=
A

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied-
Authentication Describe-any-atithentication-proceduresfor-each-seed-stock-tsed-ornovel-genotype-generated—Describe-any-experiments-used-to

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.




	A collaborative constrained graph diffusion model for the generation of realistic synthetic molecules

	Results

	A collaborative constrained diffusion model for the generation of graphs with fixed degree sequence

	CoCoGraph outperforms existing generative models for molecules on a standard benchmark

	Molecules generated by CoCoGraph are plausible on a wide range of chemical properties

	A large database of realistic synthetic molecules

	Application to drug discovery through database search and inpainting-based conditional generation


	Discussion

	Methods

	Molecular data processing

	Benchmark evaluation and baseline models

	PubChem reference dataset
	Baseline model selection and evaluation

	Molecular graph diffusion

	Noising process
	Denoising process

	Diffusion model and time model architectures

	Diffusion model architecture
	Time model architecture
	FPS model variant

	Molecule featurization

	Node-level features
	Edge-level features
	Graph-level features
	Molecular fingerprints in FPS models
	Feature normalization

	Model training

	Diffusion model training
	Time model training
	Optimization and computational implementation

	Sampling of new molecules

	Inpainting-based conditional generation

	Fragment library generation
	Sampling procedure for inpainting-based conditional generation
	Paracetamol candidates

	Development of Turing-test web and analysis of results

	Test protocol and participant recruitment
	Data analysis methodology

	Reporting summary


	Acknowledgements

	Fig. 1 Constrained collaborative graph diffusion model, CoCoGraph.
	Fig. 2 Performance comparison of CoCoGraph FPS on GuacaMol benchmark properties.
	Fig. 3 Detailed performance comparison of CoCoGraph FPS on a subset of 36 chemical properties.
	Fig. 4 Performance in the Turing-like test.
	Fig. 5 Molecular candidates similar to paracetamol obtained through database search and inpainting-based generation.
	Extended Data Fig. 1 Performance comparison of CoCoGraph BASE on GuacaMol benchmark properties.
	Extended Data Fig. 2 Detailed performance comparison of CoCoGraph BASE on a subset of 36 chemical properties.
	Extended Data Fig. 3 50 random molecules generated by CoCoGraph FPS.
	Extended Data Fig. 4 Web user interface for the Turing-like test experiment.
	Extended Data Fig. 5 Architecture of CoCoGraph components.
	Extended Data Fig. 6 Architecture of CoCoGraph FPS (fingerprint-enhanced) components.
	Table 1 Model comparison on the GuacaMol benchmark evaluated against the PubChem database.
	Extended Data Table 1 The 36 chemical properties used to evaluate molecules generated by each model.
	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.
	Extended Data Table 3 Features used for molecular representation in CoCoGraph models.




