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Here weintroduce FLOWR, a structure-based framework for the
generation and optimization of three-dimensional ligands. FLOWR

integrates continuous and categorical flow matching with equivariant
optimal transport, enhanced by an efficient protein pocket conditioning.
Alongside FLOWR, we present SPINDR, a curated dataset comprising
ligand-pocket cocrystal complexes specifically designed to address
existing data quality issues. Empirical evaluations demonstrate that FLOWR
surpasses current state-of-the-art diffusion- and flow-based methods in
terms of PoseBusters-validity, pose accuracy and interaction recovery,
while offering an inference speed-up, achieving up to 70-fold faster
performance. In addition, we introduce FLOWR.MULT]I, a highly accurate
multi-purpose model allowing for the targeted sampling of ligands that
adhere to predefined interaction profiles and chemical substructures for
fragment-based design without the need of retraining or any resampling
strategies. Collectively, our resultsindicate that FLOWR and FLOWR.MULTI
represent an advancement in artificial intelligence-driven structure-based
drug design, substantially enhancing the reliability and applicability of
denovo, interaction- and fragment-based ligand generation in real-world
drug discovery settings.

Structure-based drug discovery (SBDD) is an integrated computa-
tional and experimental approach that leverages the three-dimensional
structures of biological macromolecules to guide the rational design
and optimization of bioactive compounds. By analyzing protein or
nucleic acid binding sites, SBDD aims to identify ligands capable of
effectively modulating biological functions*. Commonly employed
techniques within this paradigm include molecular docking, virtual
screening and structure-guided ligand optimization®*. Despite notable
successes, traditional SBDD methods face substantial challenges, such
as the inherent complexity of molecular interactions, the vastness of
chemical space and difficulties in accurately predicting ligand binding
poses and affinities™.

Recent advances in deep learning have provided promising ave-
nuestoovercome these limitations. Classical computational methods,
including molecular docking and virtual screening, typically rely on
simplified approximations of molecular interactions and struggle to
efficiently explore extensive chemical spaces. By contrast, data-driven
deeplearning approaches, particularly generative models, have dem-
onstrated potential in capturing complex relationships inherent in dis-
tributions of experimentally determined ligand-protein complexes’”°.

Among generative modeling techniques, diffusion models have
emerged as particularly promising tools for de novo ligand design.
These models employ iterative stochastic processes to progressively
refine molecular structures frominitial random noise into chemically
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Fig.1| Overview of FLOWR. A schematic overview of the FLOWR model for 3D
ligand generation. A protein pocket is encoded and passed, along with the noisy
ligand [, into the ligand decoder, whichiis trained to produce a denoised ligand 7.
Optionally, aset of desired pocket-ligand features can be incorporated. A mixed
continuous and categorical flow matching integration scheme is then used to
push /,toward the data distribution and generate asample 7, by solving the
probability-flow ordinary differential equation (ODE) from¢t=0tot=1witha
forward Euler solver using T uniform steps. The FLOWR model takes as input
pocket coordinates along with atom, bond and residue types, as well as ligand

coordinates (with added noise), atom types and bond types. Pocket features are
processed through L., sequential blocks consisting of equivariant self-attention
and equivariant feed-forward layers, resulting in a pocket encoding. This pocket
encodingis subsequently integrated via equivariant cross-attention into L 4.
blocks of equivariant self-attention that process ligand features. Finally, FLOWR
outputs denoised ligand coordinates, atom types, bond types and charges.
Duringinference, the pocket encodingis computed only once and reused for all
ligand generation steps. Atom colors: C (yellow), N (blue), O (red), Cl (green).

valid conformations'®™, By incorporating pocket-specific constraints
during generation, diffusion models effectively capture the geometric
and chemical subtleties of protein-ligand interactions, addressing
the challenge of accurately predicting binding poses while generating
diverse sets of ligands' ™.

Nevertheless, existing diffusion-based approaches are not with-
out drawbacks. Their reliance on iterative stochastic sampling can
result in molecules exhibiting strained conformations, uncommon
substructures and reduced drug-likeness”. In addition, these methods
typically suffer from prolonged sampling times compared to alterna-
tive generative frameworks'.

Recently, generative flow matching models have emerged as
an alternative paradigm, offering substantial improvements in gen-
eration efficiency”. Notably, flow matching approaches employing
mini-batch?® and equivariant optimal transport* have been pro-
posed, with the latter demonstrating particular efficacy in molecular
generation tasks'®,

Building upon these insights, we introduce FLOWR, a flow
matching model specifically designed for the de novo generation of
three-dimensional ligands explicitly conditioned on structural con-
straints. Our framework enables the efficient generation of ligands
informed by the geometry of a protein pocket by using a dedicated
pocket encoding scheme in contrast to prior works. In addition, we
propose FLOWR.MULT]I, a versatile extension capable of multi-purpose
conditional generation. This model can efficiently and accurately
generate ligands adhering to predefined interaction profiles between
ligand atoms and pocket residues and can design ligands around spe-
cificchemical substructures such as scaffolds and functional groups,
facilitating scaffold elaboration, scaffold hopping and fragment-based
ligand design—all without requiring model retraining or computa-
tionally expensive stabilization techniques during inference as in
prior work™.

However, the evaluation of SBDD methodologies remains chal-
lenging, primarily due to inherent data quality concerns and preva-
lent data leakage issues in widely utilized benchmark datasets?**. In
particular, the commonly employed CROSSDOCKED2020 dataset**
exhibits substantial limitations for practical drug discovery appli-
cations, stemming from its reliance on rigid-pocket cross-docking
protocols. Consequently, ligands are artificially constrained into
noncognate binding pockets, causing models trained on such data

to internalize biased, flawed and unrealistic distributions of ligand-
pocketinteractions.

To address these critical issues, we introduce SPINDR, a
high-quality benchmark dataset specifically developed for SBDD,
derived from the recently presented PLINDER dataset®. In construct-
ing SPINDR, we implemented an extensive filtering and structural
refinement pipeline designed to correct structural defects preva-
lent in existing datasets®, accurately infer protonation states and
atomic-resolution protein-ligand interaction profiles, and minimize
potential data leakage between training and test sets by maintaining
the PLINDER dataset split.

In summary, we propose the FLOWR model that improves upon
existing approaches in both generative quality and computational
efficiency. Moreover, our multi-purpose approach, FLOWR.MULTI,
enables the generation of ligands conditioned on specificinteraction
profiles or chemical substructures, substantially increasing the propor-
tion of ligands closely aligned with reference complexes and enhancing
applicability indownstream tasks such as hit expansion, hit-to-lead and
lead optimization. Finally, our SPINDR dataset provides a high-quality
resource for training and evaluating three-dimensional (3D) generative
models, addressing limitations—particularly regarding pose quality
and dataleakage—in currently available datasets.

Results

We present FLOWR—a flow-based generative model for de novo ligand
generation conditioned on aprotein pocket and desired pocket-ligand
features. We assume access to a dataset containing tuples of a ligand
1, aprotein pocket 2 to which theligand binds and optionally amatrix
J € NMXN of atomic protein-ligand features, where M and N refer to
the number of atoms in the protein and ligand, respectively. In Fig. 1,
we show an overview of how our model generates ligands based on
protein pocket and pocket-ligand feature conditioning.

The neural network architecture for FLOWR is based on the
recently proposed SEMLA architecture'®, an £(3)-equivariant message
passing framework with latent attention that achieves state-of-the-art
results on unconditional 3D molecular generation. We extend SEMLA
to allow conditional generation by incorporating a separate pocket
encoder and adding an equivariant cross-attention module within the
ligand decoder, enabling structural conditioning on the protein pocket
and desired protein-ligand features. Critically, the pocket encoder
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does not depend on the flow time ¢ or the noisy ligand [, meaning
only one forward pass through the encoder is required when gener-
ating ligands, amortizing the encoding cost over many samples. We
further improve the base architecture by introducing a gated equiv-
ariant feed-forward module and passingbond embeddingsinto every
self-attention layer, yielding improved validity and efficiency. Full
architectural details and hyperparameters are provided in the Methods.

FLOWR jointly models continuous (coordinates) and discrete
(atomtypes and bond orders) molecular features using acombination
of continuous flow matching'? for coordinates and discrete flow
models” for categorical properties, with equivariant optimal trans-
port? to reduce transport costs. Ligand formal charges are directly
predicted. Themodellearnstorecover the cleanligand /; from anoisy
interpolant /, via pflt(lﬂlt, t;?,7), minimizing mean-squared error for
coordinates and cross-entropy for categorical features. Given  and
optionally 7, ligands are generated by iteratively refining aninitial noisy
ligand [, = p,.; through Euler integration of the learned vector field.
Full training and sampling details are provided in the ‘Training and
inference’ section in the Methods.

We extend the FLOWR model with FLOWR.MULTI—a multi-
purpose training and inference framework that simultaneously sup-
ports both de novo generation and any form of fragment-based sam-
pling, similar to scaffold hopping, scaffold elaboration, fragment
linking and fragment-based generation, whichis highly relevant from
hit expansion to lead optimization campaigns. As before, we consider
aproteinpocket 2 and a protein-ligand feature matrix 7, while assum-
ing a (set of) predefined fragmentation(s) applied ontoaligand [. Let
theligand consist of Natoms with I; € R¥*3denotingits coordinates,
and, for simplicity, assume thatitis splitinto two fragments contain-
ing n, and n, atoms, respectively, with n, + n, = N. Thus, we have

I
lge, = (151 ) € Rm+m)x3 with ¢, and t, sampled independently froma
t
uniformdistribution. Setting t,, = (;1 )thelinearinterpolation reads
2

al + A -l

e, =t Ol + (1 - t1) Oloo = (l'zlzl +A- )R
t 0

)where ®denotes

elementwise multiplication, 1is the all-ones vector and lyo = pyoise IS
theinitial noise sample.
The goal is to learn a joint probability distribution pfltltz(llﬂtltz,

. . . it
t; P, 7), from which at inference we sample I, = (ﬁ) € RM3 to
1
retrieve thejoint vector field f(ly¢,.t;; 2, 7) = il —1lgo-

Denotingthe per-fragment step sizesby At,=¢,+s,and At,=t, +s,, where
s; is derived from the number of inference steps, and defining

Aty = ( ig ) the Euler update step reads

I:I + At - (li - l})) )
2 212y ]
It2 + At - (I -1

@

le+aqe 400, = lge, + Aty O flge,, t; P,9) = (

Notably, when setting, for example, t,=1and I{) = lil =1}, wehave
At,=1,ass;becomes 0 and the update becomes

i1
L, +at, = ; B . (2)
lfz +AL - -12

Inthis scenario, the atoms corresponding to ¢, =1remain fixed to
be the predictions of the model at each inference step. Assuming the

model has successfully learned the identity mapping ii = l} for the

conditional distribution pf

1 . )
m(llultz, ( ‘) ); P, 7), this approach effec

tively resembles the concept of so-called inpainting. Originally

proposed in computer vision”, inpainting has already been adopted
for molecular generation tasks'®. However, unlike ref. 16, which requires
costly resampling steps, and ref. 28, which suffers fromreduced struc-
tural fidelity, FLOWR.MULTI avoids both limitations while maintaining
or even enhancing quality across all generation modes. Specifically,
since FLOWR.MULTI s explicitly trained on a diverse set of inpainting
tasks, we anticipate substantialimprovementsin validity rates, struc-
tural accuracy and inference efficiency, considerably broadening its
downstream applicability.

Modeling interactions between protein pockets and ligands
has recently been gaining attention as a method for evaluating the
quality of binding poses and designing better small molecule drug
candidates®*°. At the same time, questions have beenraised about the
quality of existing benchmark datasets—PDBBind* has been found to
contain covalently bound ligands, missing atomsin pockets and steric
clashes between the pocket and the ligand®. CROSSDOCKED2020*,
another commonly used dataset for pocket-conditioned ligand genera-
tive models, is based on the PDBBind General set and is also likely to
share many of these structural defects. Moreover, questions have also
been raised as to how well temporal data splits, which are commonly
used to create benchmark test sets, are able to assess models” abilities
togeneralize to unseen data, as there are often close structural similari-
ties between complexes in the training and test sets.

To address theissues of data quality and information leakage and
to providerich, fine-grained information on the interactions between
protein pockets and small molecule ligands, we present SPINDR (Small
molecule Protein Interaction Dataset, Refined). Using the recently pro-
posed PLINDER dataset® as a starting point we apply an extensive fil-
tering and processing pipeline to produce arefined set of high-quality
structures. Specifically, to create the SPINDR dataset, we took the
PLINDER dataset release June 2024 (PLINDER version 2) and applied
the following processing pipeline:

(1) Initial filtering: We remove all PLINDER systems which contain
more than one ligand or have more than one protein chainin the
pocket. We then remove all systems where the ligand is marked
as one or more of the following: ‘oligo’, ‘ion’, ‘cofactor’, ‘artifact’,
‘fragment’, ‘covalent’ or ‘other’.

(2) Structure refinement: We use Schrodinger protein preparation
wizard (which uses the OPLS 2005 forcefield*?) to refine the
structure of the remaining systems. These tools perform the
following;:

« Addmissing atoms to partially filled residues in the protein

« Convertsome nonstandard residue types to standard ones

- Assign protonation states to heavy atoms and add hydro-
gen atoms to both the protein and ligand

« Infer bonds and formal charges for both the protein and
ligand

« Apply local energy minimization to the protein-ligand
complex

(3) Infer protein-ligand interactions: We use ProLIF* to infer the
interactions between the protein and ligand at an atomic reso-
lution, creating a binary matrix of shape N, x Ny, x S|, where
N, is the number of atoms in the protein, N, is the number of
atoms in the ligand and S is the set of possible interaction types.
We apply ProLIF with the default settings and infer all supported
interaction types, |S| =13.

(4) Quality filtering: We apply a final filtering step and accumulate
the processed systems into train, validation and testing splits.
Here, we ensure that all systems contain RDKit-valid ligands.
We also filter out any system which contains atoms other than
{H,C,N, O,F, P, S, Cl, Se, Br} and any system with fewer than five
residues in the pocket. In addition, we filter out all systems con-
taining NAG ligands because we found these were highly over-
represented, which would probably create an unwanted bias for
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Table 1| Feature comparison of SPINDR with commonly used datasets

Dataset Crystal structure Energy minimized Explicit Protein-ligand
Complexes Conformations Hydrogens Interactions

CROSSDOCKED X X X X

PDBBIND v X X X

SPINDR v v v v

An overview of the additional features provided by the SPINDR dataset compared to datasets commonly used for training generative models for structure-based drug design and docking

tasks. The checkmarks indicate presence, and the crosses indicate absence of each feature.

generative models. We also filter out all systems derived from
the PDB complex Imvm’ because it contains many small DNA
fragments and was not originally filtered by PLINDER.

(5) Data deduplication: As existing datasets often contain sub-
stantial structural redundancy, we experiment with two data
deduplication strategies presented in Supplementary Informa-
tion section 1. In practice, we found little empirical difference
between the original and deduplicated datasets, despite their
substantially smaller size (10,000-15,000 fewer complexes),
suggesting there is a significant amount of redundancy in the
original data. However, we use the nondeduplicated version
of SPINDR for the remainder of this study, though we make all
three versions publicly available to enable further investigation
of deduplication strategies in ligand generation tasks.

Our final dataset contains 35,666 protein-ligand complexes,
making SPINDR the largest dataset of high-quality, refined structures
derived directly from crystallographic data. In Table 1, we compare some
of the features of SPINDR to other commonly used dataset for SBDD and
docking. Notably, inadditionto the featuresin Table 1, we maintain the
same datasplits as PLINDER. The PLINDER splits were carefully selected
to minimize dataleakage betweentrain and test sets and to ensure test
systems were always of high quality. This careful curation enables real-
isticassessment of models’ generalizability to unseen data, unlike many
existing benchmarks which contain substantial train-test dataleakage®.

We compare our model against recently published generative
methods on the commonly used CROSSDOCKED2020 dataset as an
initial benchmark. As can be seen in Extended Data Table 1, the pro-
posed FLOWR model substantially outperforms all baseline meth-
ods (POCKET2MOL", DIFFSBDD'®, TARGETDIFF", DRUGFLOW?** and
PILOTY) across the evaluated metrics on the CROSSDOCKED2020 test
dataset. Specifically, FLOWR achieves the highest PoseBusters-validity
(PB-validity) (0.92 + 0.22), lowest strain energy (87.83 + 74.30), best
AutoDock-Vinascores (mean-6.29 +1.56, minimized -6.48 + 1.45) and
lowest Wasserstein distances for bond angles (0.96) and bond lengths
(0.27). In addition, FLOWR demonstrates substantially faster infer-
ence time (12.05 + 8.01 s) compared to other methods. These results
indicate that FLOWR generates ligand conformations closest to the
test set distribution and with superior computational efficiency. We
notethat the second best model, PILOT, also shows substantially better
results compared to all other methods, especially in terms of PB-validity
(0.83 £ 0.33). Thus, we selected PILOT as our main competitor for the
remaining of this study.

In Extended Data Fig. 1, we compare PILOT and FLOWR trained
on the SPINDR training dataset in terms of RDKit-validity, PB-validity
and inference speed on the SPINDR test set. Our results indicate that
FLOWR generates ligands with substantially higher validity on aver-
age. Although RDKit-validity is a two-dimensional ligand-centric
measure, the PoseBusters suite® evaluates ligand conformations
using well-established 3D ligand-pocket-based metrics, providing a
more comprehensive assessment of pose accuracy. FLOWR achieves
a substantial improvement over PILOT in both metrics, with an aver-
age RDKit-validity of 0.94 + 0.24 versus 0.79 + 0.39 and an average
PB-validity of 0.88 + 0.21 versus 0.71 + 0.18, respectively. Notably,

FLOWR substantially improves inference speed, outperforming
PILOT by a factor of 20 when using 100 inference steps, as shown in
Extended DataFig. 1, right. This efficiency gain is primarily attributed
to FLOWR’s model architecture and the protein pocket encoder requir-
ing only asingle forward whenintegrating the vector field. By contrast,
prior models'>"*" often recompute protein pocket embeddings at
every sampling step. Notably, the number of integration steps can be
reduced as low as 20, achieving a 70-fold speed-up over PILOT while
impacting model performance comparably little.

InExtended Data Table 2, we compare PILOT and FLOWRin terms
of strain energy (calculated using GenBench3D*®), AutoDock-Vinascore
(used as an approximate measure of pose quality and binding affinity*)
andtheir ability to generalize to the test set distribution based on Was-
serstein distance measures for bond angles, bond lengths and dihedral
angles following™'>". A more comprehensive overview of results is
givenin Supplementary Information section 2. As flow matching allows
for setting the number of inference steps, we also report the same
results for different number of steps, namely 20, 50 and 100 (default).

Interms of strain energy values, FLOWR substantially outperforms
PILOT (90.05 + 52.18 versus 120 + 71.61). However, we note that, on
average, the strainenergies of generated ligands do not align well with
those of the test set (43.27 + 41.85), asillustrated in Extended DataFig. 2,
top left. We hypothesize that this discrepancy arises primarily from
limited coverage of chemical and conformational space in the train-
ing data, due to the relatively low availability of cocrystal structures.
Notably, these elevated strain energies reflect subtle deviations in
bond angles and lengths rather than gross structural defects-simple
MMFF94s-based relaxation with fixed protein pockets reduces strain
energies to 28.05 +28.25 kcal mol™, below the test set average. In
addition, amean r.m.s.d. of 0.775 + 0.144 A; confirms that generated
molecules readily relax to low-energy conformations with mini-
mal structural perturbation (Supplementary Fig. 3), whereas mean
PB-validity increases to 0.95 + 0.08 and mean Vina score decreases
t0-6.97 + 0.89.Inaddition, Extended Data Fig. 2, top right, shows the
relaxation energy distribution of generated ligands calculated using
the GFN2-XTB method** with implicit solvation using the ALPB model®
(46.37 + 64.05 kcal mol ™ on the test set; 100.37 + 59.85 for FLOWR ver-
sus 107.89 + 66.37 for PILOT). Another commonly reported metric in
this contextis the clash count between ligand and pocket atoms. Using
PoseCheck®®, we observe a clearimprovement for FLOWR (5.25 +2.21)
compared to the PILOT model (6.28 + 2.61), with FLOWR more closely
resembling the test set distribution (4.24).

FLOWR outperforms PILOT in docking assessments, suggesting
ahigherposeaccuracy (-6.93 + 0.92 versus —6.30 + 0.96). We not only
use Vina’s scoring function with no redocking applied but also report
the minimized Vina score, wherelocal energy minimizationis applied
totheligand (-7.22 + 0.92 versus —6.68 + 1.07). In Extended Data Fig. 3,
left, we compare the Vinascore distribution across targets and the mean
Vinascore per target (Extended Data Fig. 3, right, log scale). As can be
seen, FLOWR shows a12.8% increase in success rate (number of ligands
per target that are either equal or better than thereference with respect
to Vina scoring) with an average success 0f 29.5%.

Moreover, we measure distribution learning capabilities in terms
of bond angle and bond length Wasserstein distances to the test set.
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Here, FLOWR demonstrates substantially better generalization com-
pared to PILOT with a mean bond angles distance of 1.08 versus 1.82,
mean bond lengths distance of 0.35 versus 0.42 and mean dihedral
angles distribution distance of 5.51 versus 3.45. We observe similar
results when comparing both models on a set of relevant molecular
properties such as lipophilicity (logP), topological polar surface area
(TPSA) and number of aromatic rings and the synthesizability of gen-
erated molecules against the test set shown in Extended Data Fig. 2,
bottom. Although PILOT shows similar distributions for both logPand
TPSA, itis substantially worse in reproducing the number of aromatic
rings and similarly synthesizable compounds compared to the test
set.InSupplementaryFig. 2, we provide additional results comparing
FLOWR and PILOT on the SPINDR test set using key drug-likeness filters
proposed by ref. 40 (inspired by ref. 41). These findings demonstrate
thatligands generated by PILOT exhibit up to 40% lower pass-through
rates compared to those generated by FLOWR, with FLOWR'’s results
aligning substantially more closely with the SPINDR test data.

In Supplementary Table 3, we repeat the same experiments while
incorporating explicit hydrogens in the ligands for both training and
inference. Under these conditions, PILOT exhibits a clear decreasein per-
formance, whereas FLOWR maintains comparable results. However, for
both models validity drops substantially, with RDKit-validity decreasing
t00.64 + 0.48for FLOWR and 0.52 + 0.50 for PILOT, whereas PB-validity
declines to 0.60 + 0.22 and 0.47 + 0.14, respectively. Notably, strain
energy metricsimprove substantially with explicithydrogen modeling
for both models. Although heavy-atom-only approaches require post
hoc hydrogen addition potentially leading to artificially inflated strain
energies, analysis of individual PoseBusters metrics reveals that reduced
validity stems predominantly from ligand-protein clashes rather than
internal molecular geometry issues. As SPINDR provides limited cover-
age of both chemical and conformational space, we anticipate these
clashes will diminish with increased training data and, critically, by
modeling explicit hydrogens alsoin protein pockets alongside ligands.

Overall, the proposed FLOWR model consistently outperforms
PILOT across all evaluated metrics, demonstrating substantially
improved capability in modeling and generalizing ligand-pocket
complex distributions. Specifically, we observe an average increase
of approximately 15% in ligand and ligand-pocket validity metrics,
along with substantially improved AutoDock-Vina scores, indicating
higher-quality generated poses. Interestingly, using FLOWR with only
50 inference steps consistently yields better results and yields com-
parable or slightly worse results with 20 inference steps compared to
the PILOT model with 500 steps. Thus, FLOWR achieves substantial
performance gains while reducing inference time by up to afactor of 70.

Nevertheless, there remains room forimprovement, particularly
inreducing strainenergies of generated ligands. Moreover, accurately
modeling ligand-pocket complexes with explicit hydrogens continues
to be challenging, especially inscenarios with limited training data. We
encourage the scientific community to evaluate generative models
incorporating explicit hydrogen atoms as a challenging benchmark
in future research. In this context, the proposed SPINDR dataset rep-
resents a valuable resource, providing a robust and comprehensive
benchmark for evaluating and comparing ligand generation models.

In SBDD, understanding how a ligand interacts with its target
binding site at the atomic level is essential for optimizing potency,
selectivity and pharmacological properties®***, Ligand-pocket inter-
actions—including hydrogen bonds, hydrophobic contacts, m-m and
m—-cation stacking, salt bridges and electrostatic or van der Waals
interactions—collectively determine binding affinity and specificity.
Consequently, these protein-ligand interactions or, more precisely, the
ligand’s binding pose are crucial for assessing biological relevance and
activity”. To systematically identify such interactions, protein-ligand
interaction fingerprints (PLIFs) are commonly employed®**. PLIFs
encode key interaction features, including the interacting protein
residue, interaction type and, optionally, the ligand atominvolved®**.

In contrast to previous studies, we closely investigate our pro-
posed model’s capability to reproduce interactions observed in ref-
erence ligands. Extended Data Fig. 4 illustrates the distribution of
interactionrecovery rates for PILOT and FLOWR across the SPINDR test
set targets, both with and without explicit hydrogen modeling, using
the same sampling settings as before. We also report the success rate,
defined as the proportion of RDKit- and PoseBusters-valid ligands for
whichinteractions could beidentified. As shown, FLOWR consistently
outperforms PILOT (47.1% versus 43.2%, with success rates of 90.4%
versus 75.5%), particularly when explicitly modeling hydrogens (42.5%
versus 26.5%, with success rates of 67.9% versus 49.8%).

However, these results suggest that a purely de novo genera-
tion approach may be less suitable for targeted ligand generation
tasks commonly employed in hit expansion and optimization cam-
paigns. To address this, we propose using FLOWR.MULTI (see above),
amulti-purpose model capable of interaction-conditional generation.
We present detailed results for thisapproachin the following section.

Toimprove interactionrecovery, we propose to use FLOWR.MULTI
with an interaction-based fragmentation for training and inference,
which ensures thatininpainting-mode ligand atoms involved in pocket
interactions are kept fixed. Let X, = {x,; € R> : j=1,...,n,} denote
the3D coordinates of the n, pocketatoms, X; = {x;; € R? : i=1,...,n;}
denote the ground-truth (native) 3D coordinates of the n;ligand atoms,
1 € {0, 1}""X"'Xd’ beaninteractiontensor, where theentry/;; ,indicates
whether pocket atomjand ligand atom i participate in an interaction
of type k (with d, possible interaction channels). We define a binary
mask M € {0,1}" by

np d
Mi=ﬂ{zzlj,i,k>0}’ i:L---,n], (3)
J=1k=1

where [{-} denotes the indicator function. This mask partitions the
ligand atoms into a set of interacting atoms (superscript I) for which
wefix the flow timeto t,=1andset the noise to the ground truth I{) = Ii,
and a set of remaining atoms that are generated unconstrained, as
described above.

Using FLOWR.MULTI, we achieve an average interaction recovery
rate of 76.1%; the distribution compared to the FLOWR model is shown
in Extended Data Fig. 5, left. Notably, despite the conditional genera-
tion process, the model maintains its ability to explore chemical space,
achieving an average molecular diversity of 0.83 compared to 0.86 for
FLOWR. As illustrated in Extended Data Fig. 5, right, FLOWR.MULTI
also substantially improves predicted binding affinity, as indicated
by alower average Vina score (-7.18 versus —6.93), while interaction
Tanimoto similarity nearly doubles.

Thus, we observe that FLOWR.MULTI effectively generates ligands
adhering to predefined interaction profiles,improving pose accuracy
(as measured by Vina scoring) without substantially compromising
chemical diversity or exploration compared to the purely de novo
FLOWR model. For amore comprehensive overview of the performance
of FLOWR.MULTIonthe SPINDR test dataset for interaction-conditional
and multi-purpose generation, we refer to Supplementary Information
section 2 for detailed results. In the next section, we further investigate
the multi-purpose capabilities of FLOWR.MULTIin more details using
two test set targets.

To evaluate the multi-purpose generative capabilities of the
FLOWR.MULTI model, we randomly selected two targets (PDB ID:
5YEA and 4MPE) from the test set and generated ligands under three
distinct conditions: interaction-conditional, scaffold-conditional and
functional group-conditional generation. Note that FLOWR.MULTI can
also be applied to tasks such as fragment linking and fragment grow-
ing; however, for clarity, we leave the evaluation of these additional
applications to future work.

The selected crystal structure SYEA represents lipoprotein-
associated phospholipase A2 (Lp-PLA2), avalidated therapeutic target
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implicated in atherosclerosis, Alzheimer’s disease and diabetic mac-
ular edema**. Potent inhibitors has been found through fragment
screening, molecular docking and structure-guided optimization,
achieving substantial potency improvements from micromolar to
single-digit nanomolarinhibitors**. Given the proven effectiveness of
structure-based approaches for this target, applying FLOWR.MULTI to
Lp-PLA2 (SYEA) s particularly interesting. The other selected protein
target, 4MPE, corresponds to pyruvate dehydrogenase kinase (PDK),
an enzyme family (isoforms 1-4) that negatively regulates mitochon-
drial pyruvate dehydrogenase complex activity through phospho-
rylation®. PDK isoforms are clinically relevant, as their overexpression
is associated with obesity, diabetes, heart failure and cancer, mak-
ing them attractive therapeutic targets. Previous works explored a
structure-guided approach to design selective inhibitors targeting
the conserved ATP-binding pocket of PDK isoforms, resulting in the
potent inhibitor PS10*, making it an interesting reference point for
our FLOWR.MULTI model.

Foreachtarget and condition, we generated 100 ligands and com-
pared the resulting ligand distributions to the respective reference
ligand in terms of PB-validity, Vina docking score, interaction recov-
ery rate and synthetic accessibility. The results are summarized in
Supplementary Tables 6 and 7. We consistently observe high PB-validity
across targets, suggesting that FLOWR.MULTI effectively learned to
generate accurate ligand posesindependent of the conditioning mode.
Although the mean Vina scores across generated ligands does not
match those of the reference ligands, selecting the top-10 ligands
based on Vinascores consistently yielded ligands with superior dock-
ing scores compared to the references (with slightly worse results for
functional group-conditional generation). Interaction recovery rates
are generally close to 1, indicating that the generated ligands closely
reproduce the interaction profiles of the reference ligands. Finally, the
mean SA scores, indicative of synthesizability, are consistently around
orabove 0.80, comparable to the reference ligands. This suggests that
the generated ligands not only satisfy relevant physicochemical criteria
butalsoarelikely to be synthetically accessible. In Extended DataFig. 6,
we show the chemical space coverage of generated ligands per gen-
eration mode, evaluate the sample diversity and the diversity toward
the reference compound. Notably, we find a strong dependence of
ligand diversity and reference similarity on the condition-mode.
Althoughinthe de novo setting we get the most diverse set of ligands,
as to be expected, the interaction-conditional setting also shows a
strong chemical space coverage althoughinteractionrecovery is sub-
stantially enhanced reaching almost 90%. However, especially the
functional-group-conditional setting allows for a close resemblance
ofthereference’s chemical space. Thisis interesting, as this shows that
practitioners canuse different conditional setups of FLOWR.MULTI for
controlled chemical space exploration. In Extended Data Fig. 7, we visu-
alizearandomly selected ligand for SYEA per conditioning mode and
compare to the reference ligand. Extended Data Fig. 8 shows the cor-
responding visualization for 4MPE. More examples and visualizations
forbothtargetsare providedin Supplementary Information section 2.

Discussion
Although structure-based generative models have the potential to
accelerate early-stage drug discovery by serving as ideation tools
from hit exploration to lead optimization, they must be viewed as
complementary to—rather than replacements for—medicinal chem-
istry expertise and experimental validation. The generated molecules
represent hypotheses that require rigorous downstream evaluation,
including synthesis feasibility assessment, in vitro activity profil-
ing and binding pose confirmation through cocrystallography or
cryo-electron microscopy.

Several limitations of the current approach should be acknowl-
edged. First, ligand validity degrades substantially when modeling
explicit hydrogens, which we attribute to limited training data coverage

and the absence of explicit hydrogen modeling on the protein side.
Addressing this will probably require both larger datasets and joint
protein-ligand hydrogen modeling during training. Second, although
the SPINDR dataset provides high-quality cocrystal structures with
careful split design, it offers limited chemical and conformational space
coverage compared to the full drug-like molecule landscape; models
trained onit may not generalize well to underrepresented chemotypes
or bindingsite topologies. Third, the model operates on static protein
structures and does not account for conformational flexibility, induced
fiteffects orallosteric modulations, which are often critical for accurate
binding mode prediction in real drug discovery campaigns. Finally,
although strain energies of generated ligands are substantially lower
thanthose of competing approaches, they remain elevated relative to
cocrystal reference structures, indicating that furtherimprovements
in conformational accuracy are needed.

Several future directions could address these limitations
and expand the applicability of flow-based generative models for
structure-based drug design. Scaling to larger and more chemically
diverse training sets, potentially incorporating data from predicted
protein-ligand complexes, could improve coverage of chemical space
and enhance explicithydrogen modeling. Incorporating protein pocket
flexibility—for example, by conditioning on ensembles of conforma-
tions or integrating molecular dynamics snapshots—would better
capturethe dynamic nature of protein-ligand interactions. Directinte-
gration of pharmacokinetic property predictors, synthetic accessibility
constraints and selectivity objectivesinto the generative process or as
guidance signals during inference would enhance practical utility for
medicinal chemistry programs. Prospective experimental validation
campaigns, in which generated ligands are synthesized and profiled
against their intended targets, are essential to assess real-world per-
formance and identify failure modes not captured by computational
benchmarks. In addition, systematic evaluation of FLOWR.MULTI on
further fragment-based design tasks, including fragment linking and
fragment growing, would provide amore comprehensive assessment
of its multi-purpose capabilities.

Methods

Here, we provide the methodological foundations and notation for the
flow matching framework used in FLOWR. Our approach builds on con-
tinuous normalizing flows (CNFs) trained via conditional flow matching
(CFM)™*¢, which combines the stable regression objectives of diffusion
models with efficient deterministic inference in a simulation-free
framework. We specifically employ optimal transport CFM (OT-CFM)*
to construct simpler, more stable flows by minimizing transport costs
betweensource and target distributions. Extending this with equivari-
ant flow matching? allows us to exploit the rotational and translational
symmetriesinherent to molecular systems, yielding flows with shorter
integration paths, improved sampling efficiency and naturalincorpo-
ration of physical symmetries—essential for generating geometrically
valid protein-ligand complexes. Below, we detail each of these compo-
nents and describe how they are integrated into our model.

Flow matching for continuous data

Flow matching'***®is agenerative modeling framework based on CNFs.
ACNF definesatime-dependent flow ¢, : R — R, wheredis the data
dimensionality, through the ordinary differential equation (ODE)

9 90 =090, o0 = @

where v, : R? x [0,1] — R¢isatime-dependent vector field. The flow ¢,
pushes forward an initial (prior) distribution p, to a target (data) dis-
tribution p, through the induced time-dependent density path p,.
Samples from p, are obtained by drawing x, = p, and integrating the
ODEforward from¢=0tot=1.
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Training a CNF via maximum likelihood requires simulating the
ODE trajectory and computing the divergence of v,, which is compu-
tationally expensive. Flow matching provides asimulation-free regres-
sion objective by regressing a parameterized vector field v(x,), where
6 denotes the learnable model parameters, against a target vector
field u(x,)

2
Lem(0) = [Et~u[0,1],x,~p[(x,)”uts(xt) = u ()l - (&)

In practice, both the marginal vector field u,(x,) and the marginal
probability path p,(x,) are intractable. The crucial insight of CFM**?°
isthat equivalent gradients can be obtained by conditioning on data
samples x; = p;. One defines a conditional probability path p;(x,|x;)
with an associated conditional vector field u,(x,|x,), leading to the
CFM objective

2
LCFM(B) = Et~u[0,1],)q~pl,)(,~pm(x[|)q)”U?(xt) = u ()| - (6)

A common choice of conditional path is the Gaussian interpolation

Pen(elxr) = NOeltx; + (11— 60X, 021), 7)

where x, = p, is a sample from the prior distribution, ¢ > 0 is a small
noise parameter, and/denotes the identity matrix. The corresponding
conditional vector field is u,(x,|x;) = x; — x,, defining straight condi-
tional paths between noise and data that can be efficiently integrated
during sampling.

Mini-batch optimal transport
The choice of coupling between prior samples x, and data samples x;
substantially affects the geometry of the learned flows. When x, and x;
are coupledindependently, thatis, (x,, X;) ~ po(X,) p:(x;), the resulting
marginal vector field can exhibit crossing paths and unnecessarily
complex trajectories. OT-CFM?° addresses this by replacing the inde-
pendent coupling with an approximate optimal transport plan m(x,,
x;) that minimizes the expected squared Euclidean transport cost.
Computing the exact OT plan between continuous distributions
isintractablein general. OT-CFM therefore approximates the OT cou-
pling at the mini-batch level: given a batch of prior samples (x}, ..., x5)
and data samples (xj, ... ,x%), one computes the pairwise cost matrix
My =l xi) - x{||2 and solvestheresulting discrete OT problemto obtain
anoptimal assignment within the batch. Training pairs are then formed
according to this assignment. This mini-batch OT coupling produces
straighter conditional paths, more stable training and faster inference

since the learned vector fields require fewer integration steps®.

Equivariant optimal transport

For molecular systems that exhibit symmetries under the Euclid-
ean group £(3) and the permutation group S,, standard OT-CFM can
yield suboptimal transport plans because it does not account for the
invariance of the target distribution under rotations, reflections and
atom permutations. Equivariant optimal transport flow matching®
addresses this by replacing the standard squared Euclidean cost with
asymmetry-aware cost function

c(xo.xy) = min || xo — p(Q) X111, ®)
geG

where G is the relevant symmetry group, and p(g) denotes its action
onthe molecular configuration. For molecules, G comprises rotations
and reflections O(D) combined with atom permutations S(V), where
D =3isthe spatial dimension, and Nis the number of atoms. The cost
functionaligns each pair of samples along their symmetry orbits before
computing the transport cost.

In practice, jointly optimizing over all rotations and permuta-
tions is computationally intractable, so the minimization is

approximated sequentially?: first, the optimal permutation
§=arg ming, || Xo — p(s)x;|Iis found using the Hungarian algorithm;
then, the optimal rotation R* = arg mingeop) Il Xo — Rp®3)xy||” is com-
puted via the Kabsch algorithm. The modified cost matrix is then
used within the standard mini-batch OT solver. This equivariant OT
procedure produces nearly optimal integration paths even for small
batchsizes, leading to shorter paths, reduced integration errors and
improved sampling fidelity for molecular systems.

Discrete flow models

For categorical molecular features such asatom types and bond orders,
we adopt the discrete flow model framework®**, which extends flow
matchingto discrete state spaces via continuous-time Markov chains
(CTMCs). Analogously to continuous flow matching, discrete flow
model defines a conditional probability path p,,(-|x,) thatinterpolates
between a uniform prior and the data distribution. For a categorical
variable x; with K possible states, the conditional probability at time
tisgivenby

PinCbn) = £80,3) + (1 1) 3, ©

where 6(x,, x,) isthe Kronecker delta. At ¢=0, this reduces toa uniform
distribution over all K states, whereas at £=1it concentrates on the data
Xx;. A neural network learns a data denoiser pﬁt('m) that predicts the
clean data from the noisy sample, trained by minimizing the
cross-entropy between the predicted and true posterior distributions.
During inference, the denoiser is used within a CTMC integration
scheme that progressively drives x, from the uniform prior toward the
data distribution, analogously to the Euler integration used for
continuous variables.

The SEMLA architecture and FLOWR extensions

The neural network architecture for FLOWR is based on SEMLA', a
scalable E(3)-equivariant message passing architecture originally
proposed inthe SEMLAFLOW framework for unconditional 3D molecu-
lar generation. SEMLA represents each atom i/ with invariant features
h; e Ré~and equivariant features x; € R>%a, where d,,,and d,,,; denote
theinvariant and equivariant feature dimensions, respectively. Transla-
tion invariance is enforced through zero-centering of equivariant
features; combined with equivariant updates throughout the network,
thelearned density is £(3)-invariant.

Akey innovation in SEMLA is latent attention: invariant node fea-
tures are projected into a smaller latent space of dimension d,« d,,,
before computing pairwise messages, reducing the computational
complexity of the attention mechanism from o(Vd2, )to O(def), where
Nis the number of atoms. Pairwise messages are computed using a
two-layer multilayer perceptron that combineslatentinvariant features
with dot products of equivariant features and are then splitinto separate
invariantand equivariant attention scores. Softmax-normalized atten-
tionweights aggregate node features withavariance-preserving scheme.

We extend SEMLA for FLOWR inseveral ways. First, weincorporate
a separate pocket encoder that processes the protein pocket » inde-
pendently of the flow time ¢ and the noisy ligand . This encoder uses
the same SEMLA layer design and outputs pocket embeddings that are
reused across allintegration steps during ligand generation, substan-
tially reducing computational cost. Second, we add a cross-attention
modulewithin theligand decoder that takes invariant and equivariant
embeddings of », [,.and optionally the interaction matrix 7, following
the same latent attention design for efficiency.

Third, we replace the equivariant feed-forward module in SEMLA
with a gated variant. For atom i with invariant features h; € R% and
equivariant features x; € R>*%awi, the gated feed-forward output is

XU = ngi, where X; = a(®g(h;, || X; [1)) © Wpx;, (10)
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where o denotes the elementwise sigmoid function, ® is elementwise
multiplication, W}, W2 € Ré*du are learnable weight matrices and
@,isatwo-layer multilayer perceptron mappinginvariant features and
equivariant norms to gating coefficients. This gated module is sub-
stantially faster than the original equivariant feed-forward block.
Fourth, we pass bond embeddings into the self-attention module on
every layer, as opposed to only the first layer, improving molecular
validity with negligible impact oninference time.

We parameterize FLOWR with a 4-layer pocket encoder using
ae = 256 and a12-layer ligand decoder using d% = 384. Both encoder
and decoder use d,,; = 64, a latent attention dimension of d,= 64 and
Npeaas =32 attention heads.

Training and Inference

We train FLOWRto generate ligands conditioned onagivenstructure.
As3D molecular graphs containamixture of continuous and categori-
cal datatypes, FLOWR jointly generates continuous and discrete distri-
butions. Our approachfollows asimilar setup to ref.18. Specifically, we
apply the continuous flow matching framework from ref. 20 to learn
ligand coordinates and the discrete flow models framework from ref.
26 tolearnatomtypes and bond orders. Ligand formal charges are not
learned through a flow but simply predicted by the model.

Model training

Training proceeds by sampling ligand noise [, = p,,..., a ligand, pocket
andinteractiontuple ([, ?,9) ~ pyaar and atime ¢t € [0, 1]. We use Gauss-
iannoise for coordinates and uniform distributions foratom and bond
typestocreate p, ... Writing /.= (x,, a,, b, for the coordinate, atomtype
and bond order components of the noisy ligand, we sample from the
conditional probability path [,= p,,(/|l)) used inref. 18, defined as

t ~ Beta (a, B)X; ~ N(tx; + (1 — DXg,0?) an

1

] 12)

a, ~ Cat <t6(a1)+(1— 0 );b, ~ Cat (té'(bl) +(1-t)i>.

IB|

Here Cat(-) denotesthe categorical distribution, A and Bare the sets of
possible values for atomtypes and bond orders, respectively, and 6(-) is
the one-hotencoding operationapplied to eachiteminasequenceindi-
vidually. We use values #=2.0, §=1.0 and 6=0.2 for all FLOWR models.

Following refs. 11,12,17 we train FLOWR to predict [, directly by
learning the distribution pﬁr(lluf’ #,7). Thisleads to the sameloss func-
tion as SEMLAFLOW'*—we apply a mean-squared error loss for ligand
coordinates and cross-entropy losses for atom types, bond orders and
formal charges. When the model is conditioned on both > and 7, the
interaction features are provided as additional input to the
cross-attention module, enabling the model to attend to both struc-
tural pocketinformation and desired interaction patterns simultane-
ously. Further implementation details and ablation studies are
provided in Supplementary Information section 2.

In addition, during training we apply self-conditioning® to
improve generation quality. In self-conditioned training, half of the
training batches are processed normally, whereas the other half first
generate a preliminary prediction of /, from the model, which is then
detached from the computation graph and provided as additional
conditioninginputinthe subsequent forward pass. Foratomand bond
types, the conditioning inputs are softmax-normalized probability
distributions over the predicted categorical types.

We also apply equivariant optimal transport” during training to
reduce the transport cost between p, ;e and py,... FOr each training pair
(L, 1), the coordinate noise X, is transformed via X, = f,(Xo, X;), Where
frappliesthe permutation and rotation that minimize the squared error
between X, and x,, as described in the ‘Equivariant optimal transport’
section above. This alignment reduces transport costs and yields
straighter, more efficient integration paths during sampling.

Fragment extraction

We extract molecular scaffolds using RDKit’s Get ScaffoldForMol
from the MurckoScaf fold implementation, defining functional
groupsas allatoms not part of the scaffold and linkers as nonring scaf-
fold atoms. To enable diverse fragment-based learning, we additionally
employ RDKit’s matched molecular pairs analysis via FragmentMol
to decompose moleculesinto chemically meaningful fragments, ran-
domly sampling fromthese at each training batch. This strategy allows
the model to learn scaffold hopping and fragment growing patterns
naturally from the data. For interaction-conditional training, we lev-
erage ProLIF-derived interaction fingerprints precalculated for all
complexesinthe SPINDR dataset.

Ligand generation

Givenaprotein pocket » and, optionally, a desired interaction matrix
7, we can generate samples from the learned data distribution by set-
ting [, < [, where [, = p,,... and pushing [, toward the data distribution
by following the learned vector field. Specifically, for molecular coor-
dinates x, we follow the vector field v%(x,) = li_t(il —x,), where X;isthe
coordinate componentof I, ~ pﬁ [(Lll;,»,7) Wethenintegrate the vector
field using an Euler solver with step size At as follows: X, , = X, + Atv9(x,).
For discrete atom and bond types, integration proceeds analogously:
at each step, the model predicts the posterior distribution pft(x1 1x)
over categorical types, and x,is updated toward the data distribution
accordingto the CTMCintegration scheme, where the transition rates
are derived fromthe predicted posteriors and the conditional probabil-
ity path defined in the ‘Discrete flow models’ section.

Evaluation. To maintain consistency across models, we used identical
random seeds for training, inference and data loading. Moreover, we
applied the same sampling and evaluation scripts across all models. For
eachofthe225test set targets, we generated 100 ligand samples using
a standardized size sampling approach. Specifically, we determined
native ligand sizes and applied a uniform sampling scheme, allowing
for a size deviation of —25% to +10%. This procedure was performed
using the same seed across all models to ensure direct comparability.

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

Data availability

The CrossDocked2020 dataset®* with precomputed data splits can
be downloaded via GitHub at https://github.com/pengxingang/
Pocket2Mol/tree/main/data. The SPINDR dataset can be downloaded
via Zenodo at https://zenodo.org/records/15257565 (ref. 51). Source
datafor Extended Data Figs.1-8 is available with this manuscript. The
protein-ligand complexes used as case studies were obtained from the
Protein Data Bank under accession codes SYEA and 4EMP. Source data
are provided with this paper.

Code availability

The source code used in this study is available under the MIT License via
GitHub at https://github.com/jule-c/flowr and viaZenodo at https://doi.
org/10.5281/zenodo.18668261 (ref. 52). Model weights can be down-
loaded via Zenodo at https://zenodo.org/records/15257565 (ref. 53).
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Extended Data Table 1| Evaluation and comparison of FLOWR on CrossDocked2020

Model PB-validt Strainy Vina scored Vinascore™"y BondAW1Y BondLW1[10]¥ Size Time (s)¥
POCKET2MOL 0.76 + 0.39 147.22 + 61.41 -472 £1.47 -5.80 £1.26 2.04 0.66 1704 +41M 2320 +45
DIFFSBDD 0.38+0.46 519.03 £ 251.32 -2.97+5.21 -4.71+3.30 7.00 0.51 24.85+8.94 160.31+73.30
TARGETDIFF 0.57+0.46 294.89 +136.32 -5.20+1.79 -5.82+1.60 776 0.42 22.79+9.46 3228 +121
DRUGFLOW 0.75+0.39 120.21+73.28 -5.66 +1.78 -6.10 £1.62 21 0.38 2114 +6.81 -

PILOT 0.83+0.33 110.48 + 87.47 573172 -6.21+1.65 175 0.33 22.58+9.77 295.42 +117.35
FLOWR 0.92+0.22 87.83+74.30 -6.29 +1.56 -6.48 +1.45 0.96 0.27 22.28 +9.78 12.05 +8.01
Test set 0.95+0.21 75.62 +57.29 -6.44+2.74 -6.46 +2.61 - 22.75+9.90 -

Benchmark comparison of the proposed FLOWR model against Pocket2Mol, TargetDiff, DiffSBDD, PILOT and DrugFlow on the CrossDocked2020 test dataset. We follow the conventions in this
field and sample 100 ligands per test target, of which there are 100. We evaluate the most expressive metrics, namely PoseBusters-validity, GenBench3D strain energy, AutoDock-Vina scores
and the Wasserstein distance of the generated ligands’ bond angles (BondA.W1) and bond lengths (BondL.W1) distributions relative to the test set. For all values, we report the mean across
ligands and targets and the average standard deviation across targets as subscripts. For all models, we ran all evaluations on the subset of RDKit-valid ligands. Arrows (up, down) indicate that
higher or lower values are preferred, respectively.

Nature Computational Science


http://www.nature.com/natcomputsci

Brief Communication

https://doi.org/10.1038/s43588-026-00998-8

Extended Data Table 2 | Evaluation and comparison of PILOT and FLOWR on SPINDR

Model Strain energy ¥ Vinascore ¥ Vinascore™™ ¢ BondA.W1V BondL.W1[107%] ¥ DihedralW1 4
PILOT 12010 £+ 71.61 -6.30+0.96 -6.68 +1.07 1.82 0.42 5.52
FLOWR?Osteps 134.70 +77.58 -6.61+0.98 -6.92+0.96 1.55 0.74 4.67
FLOWR®Osteps 98.47 +56.64 -6.83+0.93 -713+0.93 118 0.51 4.04
FLOWR'0stes 90.05+52.18 -6.93+0.92 -1.22+0.92 1.08 0.35 3.88

Test set 43.27+41.85 769 +2.00 -7.88 £2.00 -

Benchmark comparison of the proposed FLOWR model against the PILOT model using the SPINDR test dataset, which consists of 225 targets. For FLOWR results are reported for inference
steps of 20, 50, and 100. For both models, 100 ligands were sampled per target. The evaluation includes strain energy calculated with GenBench3D and AutoDock-Vina scores (kcal/mol).

For all values, we report the mean across ligands and targets and the average standard deviation across targets as subscripts. Additionally, we report the Wasserstein distance of the generated
ligands’ bond angles (BondA.W1), bond lengths (BondL.W1) and dihedral angles (DihedralW1) distributions relative to those in the SPINDR test set. Ligand sizes for all models are sampled
uniformly with a -10%/+10% margin around the respective reference ligand size. Arrows (up, down) indicate that higher or lower values are preferred, respectively.
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Extended Data Fig.1| Comparison of PILOT and FLOWR on RDKit-
PoseBusters-validity and inference speed on the SPINDR test set.

(Left) Violin plots depicting the distribution of per-target RDKit validity

(left half) and PoseBusters (PB) validity (right half) rates across all 225 targets
inthe SPINDR test set for each model. Each target’s validity rate is computed
as the fraction of valid molecules out of 100 generated ligands. Dashed
horizontal lines indicate the lower quartile, median, and upper quartile of
the distribution. Individual per-target rates are overlaid as scatter points.
Text annotations below each violin report the mean +- standard deviation of

PILOT FLOWR?20steps  FLOWR30steps  F| QWR100steps

per-target validity rates (RDkit, PB). FLOWR is evaluated at 20, 50, and 100
integration steps. Note, both RDKit- and PoseBusters-validity are evaluated on
the full set of generated ligands per target. (Right) Bar plot comparing mean
inference times (in seconds, log scale) for generating 100 ligands per target
across models. Bar heights represent the mean wall-clock time, with error bars
inblack indicating the standard deviation. Exact mean values are annotated
above each bar. FLOWR timings are evaluated at 20, 50, and 100 integration
steps. Allmodels are evaluated using a single Nvidia HLOO GPU.
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Extended Data Fig. 2| Comparison of PILOT and FLOWR on molecular
properties on SPINDR. (Top left) Raincloud distribution and box-and-whisker
plot showing the distribution of per-target mean strain energy across SPINDR
test set targets and 100 sampled ligands per target; red connected dots indicate
per-model means. (Top right) Raincloud distribution and box-and-whisker plot
showing XTB relaxation energies (X2 , kcal/mol) using GFN2-xTB withimplicit
solvation and the Analytical Linearized Poisson-Boltzmann (ALPB) solvation
model; red connected dots indicate per-model means. Per-target values are
computed by averaging over all ligands generated for each target. (Bottom row)
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Violin plots of per-ligand molecular property distributions for octanol-water
partition coefficient (logP), topological polar surface area (TPSA), number of
aromaticrings, and synthetic accessibility (SA) score; red connected dots
indicate per-model means. Across all panels, test set distributions are shown in
purple, FLOWRin pink, and PILOT in green. In all box-and-whisker plots, the
centre line represents the median, box bounds represent the 25th and 75th
percentiles (interquartile range, IQR), and whiskers extend to 1.5x IQR from the
box bounds. Data are presented as mean values +- standard deviation.
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Extended Data Fig. 3| Comparison of PILOT and FLOWR on AutoDock-Vina
scores on SPINDR. (Left) Violin plots of per-target mean Vina scores across the
SPINDR test set targets sampling 100 ligands per target with embedded box
plots; red connected dots indicate per-model means. Inbox plots, the center
line represents the median, box bounds represent the 25th and 75th percentiles

(interquartile range, IQR), and whiskers extend to 1.5x IQR from the box bounds.
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(Right) Per-target mean Vina scores (symmetric log scale) sorted in ascending
order by test set score (purple), with targets labeled every 10th position along the
x-axis. FLOWR sample scores are denoted by pink, PILOT scores by green scatter
points. The inset text box reports the mean per-target success rate, defined as
the fraction of generated ligands achieving a Vina score equal to or lower than the
corresponding test set mean.
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Extended Data Fig. 4| Comparison of PILOT and FLOWR on interaction
recovery on SPINDR. Comparison of PILOT and FLOWR in terms of interaction
recovery rate distributions across the SPINDR test set targets sampling 100
ligands per target, shown as violin plots with embedded box plots. Both models
are either trained without explicit hydrogens (no-Hs) or with explicit hydrogens
(with-Hs). The success rate is the percentage of ligands for which interaction

fingerprints could beretrieved. In the embedded box plots, the center line
represents the median, box bounds represent the 25th and 75th percentiles
(interquartile range, IQR), and whiskers extend to 1.5x IQR from the box
bounds. Green color denotes PILOT and pink FLOWR distributions. Interaction
fingerprints were calculated using ProLIF.
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Extended Data Fig. 5| Comparison of FLOWR and FLOWR.multi oninteraction (pink) and the right half to FLOWR.multi (green). (Right) Two-dimensional (2D)
similarity and Vina scores on SPINDR. (Left) Split violin plot of per-ligand kernel density estimates of per-ligand protein-ligand interaction fingerprint
interaction recovery rates across the SPINDR test set targets with 100 sampled (PLIF) Tanimoto similarity versus AutoDock Vina docking score for FLOWR and
ligands per target. Dashed lines indicate the lower quartile (25th percentile), FLOWR.multi, respectively. Dotted lines indicate the respective mean values.

median, and upper quartile (75th percentile); the left half corresponds to FLOWR Interaction fingerprints were calculated using ProLIF.
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Extended Data Fig. 6 | Evaluation of chemical space coverage on SYEA with
FLOWR.multi. Using the unconditional, interaction-, scaffold-, and functional
group-conditional generation modes of FLOWR.multi, 100 ligands were sampled
forarandomly selected target from the SPINDR test set (here: PDB-ID SYEA).
Chemical space coverage is visualized with respect to the reference ligand using

Morgan fingerprints and Uniform Manifold Approximation and Projection
(UMAP). Average diversity of the sampled ligand sets and average similarity to the
reference are reported. Each generation mode is represented by a distinct color
asindicated in the legend.
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Extended Data Fig. 7 | Visualization of conditional generation on SYEA

with FLOWR.multi. Using the interaction-, scaffold-, and functional group-
conditional generation modes of FLOWR.multi, 100 ligands for arandomly
selected target from the SPINDR test set (here: PDB-ID 5YEA) were sampled. Three
ligands were selected at random and compared to the reference compound
based on Vinascore, synthetic accessibility (SA) score, quantitative estimate
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of drug-likeness (QED), octanol-water partition coefficient (logP), chemical
similarity, and interaction similarity. Atom colors: C (cyan/gray), N (blue), O
(red), S (yellow), F (ochre), Cl (green), H (white). Interaction fingerprints were
calculated using ProLIF. Interaction diagrams were generated using the OpenEye
Python Toolkit.
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Extended Data Fig. 8| Evaluation of conditional generation on 4MPE

with FLOWR.multi. Using the interaction-, scaffold-, and functional group-
conditional generation modes of FLOWR.multi, 100 ligands for arandomly
selected target from the SPINDR test set (here: PDB-ID 4MPE) were sampled.
Threeligands were selected at random and compared to the reference compound
based on Vinascore, synthetic accessibility (SA) score, quantitative estimate
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Python Toolkit.
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