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Abstract
Structure-based drug design (SBDD) focuses on designing small-molecule lig-
ands that bind to specific protein pockets. Computational methods are integral
in modern SBDD workflows and often make use of virtual screening methods
via docking or pharmacophore search. Modern generative modeling approaches
have focused on improving novel ligand discovery by enabling de novo design.
In this work, we recognize that these tasks share a common structure and can
therefore be represented as different instantiations of a consistent generative mod-
eling framework. We propose a unified approach in OMTRA, a multi-modal flow
matching model that flexibly performs many tasks relevant to SBDD, including
some with no analogue in conventional workflows. Additionally, we curate a
dataset of 500M 3D molecular conformers, complementing protein–ligand data
and expanding the chemical diversity available for training. OMTRA obtains
state-of-the-art performance on pocket-conditioned de novo design and docking;
however, the effects of large-scale pretraining and multi-task training are modest.
All code, trained models, and dataset for reproducing this work are available at
https://github.com/gnina/OMTRA

1 Introduction
Deep generative models have rapidly advanced our ability to design and study molecules; this progress
will have broad applications. By learning distributions over chemical structures, these models enable
tasks ranging from probing biological mechanisms to accelerating therapeutic and general chemical
discovery [1–4].

We focus here on structure-based drug design (SBDD), where the goal is to generate small
molecules that bind to a given protein pocket of known structure. Generative approaches have been
impactful in two main directions: structure prediction and de novo design. In structure prediction,
models propose ligand binding poses [5, 6] or protein–ligand complexes [7–10], improving over
classical docking methods by directly sampling plausible structures instead of relying on slow search
algorithms. In de novo design, generative models sample the identity of the molecules themselves,
sometimes in addition to the 3D structure. De novo generative models can also be conditioned on
desired properties such as a binding partner [11–18].

Current state of the art methods for both structure prediction and de novo design are primarily
transport-based generative models—a broad class that includes diffusion [19–21], flow matching [22–
24], and stochastic interpolant models [25]. These methods also primarily use attributed point-cloud
or sequence-based representations of molecules. These approaches treat molecular systems as objects
composed of distinct modalities, and may therefore be additionally characterized as multi-modal
transport-based models. Atoms have both continuous positions and discrete identities [12, 15, 26,
27]. Protein residues are often described similarly but their structure is sometimes decomposed
into a product space of rotations, translations, and/or torsional angles [28–31]. These methods
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Figure 1: OMTRA: A Flexible Multi-Task Generative Model for Structure-Based Drug Design.
OMTRA is capable of performing de novo design, conformer generation and docking. It can be
guided by conditioning on structural information, such as a protein pocket and pharmacophores.

simultaneously apply transport-based modeling to each modality. To our knowledge, this unifying
perspective has not been made explicit. After recognizing that many applications or generative tasks
may be formulated under one framework, a natural question therefore arises: could one model be
trained for many tasks, and could this yield improved performance from transfer learning?

Building on this idea, we introduce OMTRA, a multi-task generative model for SBDD. OMTRA
supports ligands, protein pockets, and pharmacophores, co-factors, ions, and post-translation modifi-
cations. Tasks can be defined by dividing modalities into those generated, held fixed as conditioning
information, and those absent. OMTRA is capable of handling arbitrary modality partitions and
therefore can perform molecular docking, de novo design, conformer generation, pharmacophore-
conditioned design, and related tasks. OMTRA’s architecture enables parameter sharing across tasks
and learning from disparate data sources.

Finally, we contribute a large-scale dataset of 500M 3D molecular conformers, constructed from
public chemical libraries and released in a deep learning–ready format. This dataset expands chemical
diversity available for training and complements protein–ligand data, facilitating multi-task learning
across heterogeneous molecular modalities.

2 Methods

2.1 Flow Matching

Flow matching [23, 25, 22, 24] prescribes a method to interpolate between two probability dis-
tributions. This is accomplished modeling a family of intermediate distributions fptgt∈[0;1] with
p0 = qsource and p1 = qtarget. The general strategy is to draw samples from a tractable qsource and
use a learned process pt to transport them to samples from an otherwise intractable qtarget. For
continuous variables x 2 Rd, the marginal process is sampled by a vector field defining an ordinary
differential equation ut(x) = dx

dt . For discrete data x 2 VN (sequences of tokens from a vocabulary
V), trajectories are governed by continuous-time Markov chains (CTMCs) [13, 32]. In both cases the
sampling process can be parameterized by a neural network trained to approximate the final system
state given the current state E[x1jxt].

Multi-modal flow matching is a powerful extension of this framework wherein complex objects are
modeled as collections of distinct dependent variables, referred to as modalities. For example, atom
positions and atom types form two modalities for which joint sampling can enable de novo molecule
generation. Multi-modal flow matching [12, 13] extends the base flow matching framework to sample
such data structures. One neural network is trained with multiple prediction heads to minimize a
weighted sum of flow matching losses on each modality. Modalities in the system are generated
by simultaneous sampling of an ODE or CTMC on each modality. A full description of our flow
matching formulation is provided in Appendix A7.
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2.2 Problem Setup

We represent a biomolecular system cropped to 8Å around a ground-truth ligand as a heterogeneous
graph G = (V;E) with node types TV = fligand atom; protein atom; pharmacophore; otherg and
edge types TE (e.g., ligand–ligand, ligand–protein). Each node or edge carries one or more modalities,
discrete (e.g., atom type, bond order) or continuous (e.g., 3D coordinates), so thatM =Mdisc[Mcont.
A task � specifies a partition of modalitiesM = M�

gen [M�
cond [M�

abs referred to as generated,
conditioning, and absent modalities, respectively. Generated modalities,M�

gen are sampled by a flow
matching model.

An instantiation of OMTRA requires choosing a set of tasks T = f�1; : : : ; �Kg to support. If
OMTRA is instantiated as a multi-task model (i.e., jT j > 1), weights are shared across tasks. See
Appendix A4 for a full formalization. A full list of modalities and tasks currently supported, as well
as tasks we plan to support in the near feature, are provided in Appendix A8.

2.3 Architecture

OMTRA extends FlowMol3 [12], a geometric graph neural network, to heterogeneous graphs with
type-specific convolutions. Nodes i 2 V carry Cartesian positions xi 2 R3, scalar features si 2 Rds ,
and vector features vi 2 Rdv×3. Edges (i; j) 2 E are typed; ligand–ligand and other–other edges
additionally carry scalar features eij 2 Rde . Operations on (xi; vi) are SE(3)-equivariant, while
operations on (si; eij) are SE(3)-invariant. Node vectors vi are first-order geometric vectors relative
to xi. Equivariance is enabled by a variant of GVPs [33] introduced in Dunn and Koes [12].

A graph convolution consists of edge-type–specific message functions �r that generate messages
mr
i←j based on (si; sj ; vi; vj ; eij ; xi � xj), followed by node-type–specific update functions  � that

integrate the aggregated messages Mi to update (si; vi). After 2 graph convolutions, positions and
edge features are updated via node-wise GVPs and edge-wise MLPs. OMTRA repeats this sequence
(called a ConvolutionBlock) 4 times. For modalities defining positions, the final xi are taken directly
from the last ConvolutionBlock. Latent node and edge features are mapped to categorical logits by
shallow MLP heads. The architecture is described fully in Appendix A9.

3 Experiments
3.1 Datasets

To enable pretraining on protein-free tasks, we curated the Pharmit Dataset containing 500M 3D
ligands and their pharmacophores. The Pharmit Dataset is further described in Appendix A6.1.

For ablation studies we train on protein-ligand complexes from the Plinder dataset [34] using their
rigorously designed splits. For fair evaluation of pocket-conditioned de novo design, we also train
and evaluate OMTRA on the Crossdocked dataset [35], using the train/test splits from Luo et al.
[36]. These splits are less rigorous than those of the original Crossdocked authors and likely contain
information leakage, but they are widely reused and thus allow direct comparison to prior work. For
comparing OMTRA to other docking methods, we use the PoseBusters Benchmark set [37]. This
is a moderately difficult docking benchmark comprising 428 diverse protein-ligand complexes. All
datasets are described in detail in Appendix A6.

3.2 Evaluation and Baselines

We evaluate OMTRA on pocket-conditioned de novo design, docking, and pharmacophore condition-
ing tasks, comparing against established baselines under a unified protocol.

Pocket-Conditioned De Novo Design Generated ligands are assessed with PoseBusters [37] for
chemical/geometric plausibility. The fraction of ligands passing all relevant checks in the PoseBusters
suite is reported as %PB-Valid. Strain energy (Estrain) and protein-ligand interactions are measured
using PoseCheck [38]. Posecheck reports the number of hydrogen bond donors, acceptors, and
hydrophobic groups on the ligand that are interacting with the protein, normalized by the number of
atoms in the ligand. We report “% Interaction Parity” defined as the fraction of generated ligands
that have normalized interaction counts equal to or greater than that of their ground-truth ligand.
Additionally we report the fraction of ligands that achieve interaction parity and are PB-valid as
“% PB-Valid+IP”. We compare OMTRA to DrugFlow [39], DiffSBDD [40], TargetDiff [41], and
Pocket2Mol [42], using 100 test pockets with 100 ligands per pocket. Full experimental details of
our evaluation methods are in Appendices A10.1.
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Table 1: Pocket-Conditioned De Novo Design. A Multi-Task OMTRA model is compared to
existing generative models on the Crossdocked dataset. Metrics are averaged over 100 pockets, with
100 samples drawn per pocket. PB-Valid+IP is the percent of ligands that are both PB-valid and
achieve interaction parity. Evaluation details are provided in Section 3.2

PB-Valid
(%)(")

Estrain

(kcal/mol)(#)
Vina

(kcal/mol)(#)
Interaction

Parity
(%) (")

PB-Valid+IP
(%) (")

Dataset 97.7 21.3 -7.1 100 97.7
OMTRA 89.8 29.5 -6.8 27 26
Pocket2Mol 86.6 24.0 -4.5 22 19
DrugFlow 73.4 72.5 -5.9 21 17
TargetDiff 47.7 446 -6.8 20 11
DiffSBDD 38.2 546 -2.8 18 7

Docking Docked poses are evaluated with PoseBusters in docking mode, reporting physical plausi-
bility and RMSD < 2Å to the ground truth, along with Top-N success rates. To perform a Top-N
analysis on OMTRA, samples are ranked by the Vina scoring function [43] combined with a penalty
for docked poses that violate that don’t preserve the chirality of the input ligand. OMTRA is trained
on Plinder [34] and evaluated on the PoseBusters Benchmark, sampling 40 poses per receptor. Base-
line docking methods include AlphaFold3 [7], SurfDock [44], Gnina [45], AutoDock Vina [43].
Performance is reported as the fraction of systems with at least one PoseBusters-valid pose among the
top-N predictions (N=1, 5). Full experimental details of our evaluation methods are in Appendices
A10.2.

Pharamcophore Conditioning When pharmacophore centers are provided as conditioning in-
formation, we report “% Pharm Matching” which is the fraction of pharmacophore centers in the
input conditioning information that are “satisfied” by the generated/docked ligand. A pharmacophore
condition is satisfied if the generated ligand has a pharmacophore center of the same type within 1Å
of the conditioning pharmacophore. We also report “interaction recovery” which is fraction of ligands
that make all of the same types of interactions with the same protein residues as the ground-truth
ligand. Pharmacophores are described further in Appendix A5.2.

3.3 Ablations

We train multiple variants on OMTRA to investigate the effects of three features. Ligand-only
pretraining: Single-task OMTRA models are trained for either de novo design or docking, with and
without protein-free pretraining on the Pharmit dataset. Multi-task training: OMTRA is trained
jointly on de novo design and docking, initialized from Pharmit-pretrained models, and compared to
single-task counterparts. For all ablation studies, we train and evaluate on the Plinder dataset. We
attempt to match the amount of compute spent on each task between single- and multi- task models.
Single-task models are trained for 200k steps and multi-task models are trained for 400k steps, with
an even balance between de novo design and docking. Protein + pharmacophore conditioning:
OMTRA is trained to simultaneously use protein and pharmacophore conditioning. This variant
can perform design and docking guided by user-supplied, interpretable priors over protein-ligand
interaction.

4 Results
OMTRA Performance on De Novo Design Table 1 shows that OMTRA surpasses or matches
existing de novo generative models across all evaluations performed. By building on FlowMol3 [12],
a state-of-the-art model for unconditional de novo molecule design, OMTRA is able to obtain the
highest physical plausibility of methods evaluated (� 90% PB-Valid). The mean strain energy and
Vina scores are practically close to that of the training data. OMTRA produces ligands that are
both physically plausible and produce native-like interactions with the protein 37% more frequently
than the next best method (26 vs 19 %PB-Valid+IP). Although OMTRA improves upon existing
de novo generative models, there remain practically significant differences between real and the
average generated molecule. Most notably, only 26% of samples are both PB-valid and achieve native
interaction parity.
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Table 2: Docking Success Rates on the PoseBusters Benchmark Set. AlphaFold3 [7] and Surf-
dock [44] results are taken directly from their respective publications. Vina results are taken from
Buttenschoen et al. [37]. Additional details in Section 3.2.

N = 1 N = 5
% � 2Å %PB-Valid % � 2Å %PB-Valid

OMTRA 92 91 97 96
AlphaFold3 93 84 - -
SurfDock 78 40 81 79
Gnina 65 64 82 81
Vina 60 58 - -

Table 3: Effect of Pretraining and Multi-Task Training on De Novo Design and Docking. All
models are trained and evaluated on Plinder [34] train/test splits. The top row contains metric values
computed on the ground-truth protein-ligand systems where applicable. Docking success rates are
computed from the top-5 poses per system. OMTRA variations are described in Section 3.3

De Novo Design Docking
Multitask Pretrained % PB-Valid Estrain % IP % PB-Valid + IP % RMSD � 2Å % PB-Valid

94.0 38.1 100 94.0
7 7 60.8 91.0 13.0 10.0 96.9 92.7
7 3 69.1 65.3 15.0 12.0 92.9 88.8
3 3 67.0 71.4 9.0 7.0 94.8 91.7

OMTRA achieves SOTA re-docking performance Re-docking results on the PoseBusters Bench-
mark Set in Table 2 show that OMTRA achieves highly accurate re-docking. After sampling and
ranking 40 poses for a pocket, 91% of the top-ranked poses are PB-valid; that is they are within
2Å RMSD of the ground-truth ligand and satisfy a suite of additional physical plausibility checks.
OMTRA's top-1 docking accuracy exceeds that of all other models evaluated including AlphaFold3
with pocket residues speci�ed [7]. Additional results (Figure A3) show that OMTRA-docked poses
are not PB-valid most often due to unconserved tetrahedral chirality. We alleviate this issue by
including a penalty for incorrect chirality in our ranking algorithm as done in Abramson et al.[7].
Methods for enforcing chirality preservation [8, 27, 46] exist and would likely further enhance
docking performance.

Effects of Pretraining and Multi-Task Training on Interaction and Plausibility Table 3 suggests
that the effects of pretraining and multi-task training are mostly modest and inconsistent across tasks.
Adding protein-free pretraining improves physical plausibility and interaction parity (+9 and +2
percentage points, respectively) but reduces the PB-validity in docking by 4 percentage points. In
contrast, the addition of multi-task training impairs de novo design while slightly improving docking
performance.

Pharmacophore conditioning enables enhanced interaction design The impact of
pharmacophore-conditioning on de novo ligand design and docking is quanti�ed in Table 4. When
provided with pharmacophore conditioning, OMTRA's ability to design protein-ligand interactions is
substantially enhanced, indicated by a 10 percentage point increase in interaction recovery for de novo
design. Similarly, pharmacophore conditioning signi�cantly enhances the quality of docked poses.
Additional experiments (Section A1.5) suggest that for de novo design, adding 3 pharmacophores
reduces the amount of sampling required by 56%. Users with prior knowledge about their target can
obtain more accurate predictions from OMTRA with less sampling.

5 Conclusion
OMTRA is a �exible multi-task generative model for structure-based drug design, achieving state-of-
the-art performance in both de novo design and molecular docking. It uniquely supports simultaneous
pocket and pharmacophore conditioning, enabling the incorporation of user-provided knowledge of
protein–ligand interactions to improve accuracy and reduce the amount of sampling necessary.

Our experiments indicate that the bene�ts of large-scale, protein-free pretraining and multi-task
training are modest and not uniformly positive. OMTRA can be trained on multiple tasks while
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Table 4: Effect of Pharmacophore Conditioning on Pocket-Conditioned Design and Docking.
Evaluating one OMTRA model on four tasks: pocket-conditioned de novo design and docking, with
and without additional pharmacophore conditioning. Evaluation is performed on 100 systems from
the Plinder test set having> 20 ligand heavy atoms, drawing 100 samples per system. Docking
success rates are for the top-5 ligands in each system as ranked by their Vina score.

Prot Conditioning Prot + Pharm Conditioning

denovo design % PB-Valid 67.0 70.3
interaction recovery 50.8 60.7
% Pharm Matches - 97.2

docking % RMSD � 2Å 94.8 99.0
% PB-Valid 91.7 92.9
interaction recovery 80.6 90.7
% Pharm Matches - 99.5

matching the performance of single-task models trained in isolation. Despite a �eld-wide shift toward
multi-task molecular generative models, empirical evidence for meaningful transfer learning remains
limited. In our view, whether molecular generative models can reliably leverage transfer across tasks
is still an open question. Future work will use OMTRA as a testbed for investigating architectural
choices and generative modeling frameworks that may confer this capability.

The current OMTRA architecture represents a minimal extension of an unconditional molecular
generative model to a multi-task, heterogeneous-graph setting, leaving substantial room for improve-
ment. Notably, OMTRA can be extended to generate protein structure as an additional modality.
This capability would support tasks involving �exible or unknown protein conformations; use-cases
in which no holo structure is available and which represent a more realistic and challenging design
scenario than the ones considered in our present evaluations. OMTRA's �exible multi-modal formu-
lation thus makes it not only a versatile tool, but also a platform for advancing molecular generative
modeling.

Alongside OMTRA, we release the Pharmit Dataset: one of the largest open-source collections
of 3D molecules to date. The Pharmit Dataset is stored in a scalable format with a accessible
API for ef�cient programmatic access so that it can readily incorporated into large-scale machine
learning applications. All code, trained models, and dataset for reproducing this work are available at
https://github.com/gnina/OMTRA.
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A1 Extended Results

A1.1 Performance on No-Protein Tasks

In Table A1 we provide the performance of OMTRA on tasks that do not involve protein structures.
% PB-Valid is the fraction of molecules passing all PoseBusters [37] checks. % Valid Bond Lengths
indicates molecules with physically reasonable bond distances, as determined by PoseBusters. % Chi-
rality Preserved re�ects the fraction of tetrahedral stereocenters retaining their con�guration (relevant
for conformer generation). % Pharm Match is the fraction of molecules in which all ground-truth
pharmacophore centers are matched by at least one generated functional group of the same type
within 1 Å.

Overall, unconditional generation achieves near-perfect PB-validity and bond lengths but low
stereochemistry retention (17.2%), while pharmacophore conditioning improves chirality preservation
(17.2% ! 32.8%) with a slight decline in structural validity.

Table A1: Selected performance metrics for 500 samples per task.

Task % PB-Valid % Valid Bond Lengths % Chirality Preserved % Pharm Match

Unconditional De Novo Design 99.4 100.0 – –
Unconditional Conformer Generation 100.0 100.0 17.2 –
Pharm-Conditioned De Novo Design 97.1 99.6 – 98.7
Pharm-Conditioned Conformer Generation 98.0 98.7 32.8 99.3

A1.2 Trajectories

Figure A1: Trajectories of Ligand Generation Using OMTRA. Each row demonstrates the stepwise
evolution of ligand structures across OMTRA's sampling trajectory. The top row illustrates uncondi-
tional de novo design, where OMTRA generates ligand structures without guiding constraints. The
bottom row illustrates pharmacophore-conditioned de novo design, where OMTRA generates ligand
structures guided by pre-de�ned pharmacophores.
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