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Abstract

Structure-based drug design (SBDD) aims to design small-molecule ligands that
bind with high affinity and specificity to pre-determined protein targets. Traditional
SBDD pipelines start with large-scale docking of compound libraries from public
databases, thus limiting the exploration of chemical space to existent previously
studied regions. Recent machine learning methods approached this problem us-
ing an atom-by-atom generation approach, which is computationally expensive.
In this paper, we formulate SBDD as a 3D-conditional generation problem and
present DiffSBDD, an E(3)-equivariant 3D-conditional diffusion model that gener-
ates novel ligands conditioned on protein pockets. Furthermore, we curate a new
dataset of experimentally determined binding complex data from Binding MOAD
to provide a realistic binding scenario that complements the synthetic CrossDocked
dataset. Comprehensive in silico experiments demonstrate the efficiency of DiffS-
BDD in generating novel and diverse drug-like ligands that engage protein pockets
with high binding energies as predicted by in silico docking.

1 Introduction

Structure-based drug design (SBDD), which aims to design small-molecule ligands that bind to
target protein pockets, is a vital problem in drug discovery. Traditionally, SBDD is handled either
by high-throughput experimental or virtual screening [1} 2] of large chemical databases. Not only
is this expensive and time consuming but it also limits the exploration of chemical space to the
historical knowledge of previously studied molecules, with a further emphasis usually placed on
commercial availability [3]. Moreover, the optimization of initial lead molecules is often a biased
process, with heavy reliance on human intuition [4]. Recent advances in geometric deep learning,
especially in modeling geometric structures of biomolecules [} 6], provide a promising direction for
structure-based drug design [[7]. Even though utilizing deep learning as surrogate docking models
has achieved remarkable progress [8, 9], deep learning-based design of ligands that bind to target
proteins is still an open problem. Early attempts [10-12] either rely on nontrivial post-processing
steps or formulate this as an atom-by-atom generation problem which makes a sequence-conditioning
assumption over the generation process of molecules and model inference inefficient.

In this work, we develop an equivariant diffusion model for structure-based drug design (DiffSBDD)
which, to the best of our knowledge, is the first of its kind. Specifically, we formulate SBDD as a 3D-
conditioned generation problem where we aim to generate diverse ligands with high binding affinity
for specific protein targets. We propose an F(3)-equivariant 3D-conditional diffusion model that
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Figure 1: DiffSBDD in the protein-conditioned scenario. The conditional model learns to denoise

molecules z(1) in the fixed context of protein pockets Z‘gzz .

respects translation, rotation, reflection, and permutation equivariance. We introduce two strategies,
protein-conditioned generation and ligand-inpainting generation producing new ligands conditioned
on protein pockets. Specifically, protein-conditioned generation considers the protein as a fixed
context, while ligand-inpainting models the joint distribution of the protein-ligand complex and
new ligands are inpainted during inference time. We also demonstrate that our model can be used
for out-of-the-box for molecular optimization. We further curate an experimentally determined
binding dataset derived from Binding MOAD [[13]], which supplements the commonly used synthetic
CrossDocked [[14] dataset to validate our model performance under realistic binding scenarios. The
experimental results demonstrate that DiffSBDD is capable of generating novel, diverse and drug-like
ligands with predicted high binding affinities to given protein pockets.

2 Equivariant Diffusion Models for SBDD

We utilize an equivariant Denoising Diffusion Probabilistic Model (DDPM) to generate molecules
and binding conformations jointly with respect to a specific protein target. We represent protein and
ligand point clouds as fully-connected graphs that are further processed by EGNNs [15]]. We consider
two distinct approaches to 3D pocket conditioning: (1) a conditional DDPM that receives a fixed
pocket representation as context in each denoising step, and (2) a model that approximates the joint
distribution of ligand-pocket pairs combined with inpainting at inference time.

2.1 Pocket-conditioned small molecule generation

In the conditional molecule generation setup, we provide a fixed three-dimensional context in each

step of the denoising process. To this end, we supplement the ligand node point cloud Z,EL), denoted

by superscript L, with protein pocket nodes Zéza), denoted by superscript P, that remain unchanged

throughout the reverse diffusion process (Figure . All nodes z = [X, h] comprise coordinates

X 2 R? and categorical features h 2 RY. We embed atom types and residue types in a joint node

embedding space by separate learnable MLPs to perform denoising steps with a single EGNN [13}[16].

The EGNN’s message-passing scheme for node ¢ at layer [ is slightly modified so that the coordinate
update step is not applied to pocket nodes:

C P xb—x! .. ..

X=+1 _ X= n i m(bx(h!, hJ'- jix! x}uz), if i belongs to ligand

0, if ¢ belongs to pocket

ey

In this way, the three-dimensional protein context remains fixed throughout the EGNN layers.

Equivariance In the probabilistic setting with 3D-conditioning, we would like to ensure E(3)-
equivariance in the following sens Evaluating the likelihood of a molecule X&) 2 R3*Nu given
the three-dimensional representation of a protein pocket X(P) 2 R3*Ne should not depend on global

Here we ignore node type features, which transform invariantly, for simpler notation.



Figure 2: Schematic of the inpainting approach. The model rst learns to approximate the joint

distribution of ligand and pocket nodeg;tz ). For sampling, context is provided by combining
the latent representation of the ligand with a forward diffused representation of the pocket in each
denoising step.

E (3)-transformations of the system, igRx (*) + tjRx (P) + t) = p(x (M)jx (P)) for orthogonal

R 2 R® 3withRTR = | andt 2 R® added column-wise. At the same time, it should be possible
to generate samples’™)  p(x(1)jx(P)) from this conditional probability distribution so that
equivalently transformed ligand®x (-) + t are sampled with the same probability if the input pocket
is rotated and translated and we sample fgfRx (1) + tjRx (P) + t).

Equivariance to the orthogonal gro@{3) (comprising rotations and re ections) is achieved be-
cause we model both prior and transition probabilities with isotropic Gaussians where the mean
vector transforms equivariantly w.r.t. rotations of the context (see Hoogeboom[&6laand
Appendix C). Ensuring translation equivariance, however, is not as easy because the transition proba-
bilities p(z; 1jz;) are not inherently translation-equivariant. In order to circumvent this issue, we
follow previous works 17, 18, 16] by limiting the whole sampling process to a linear subspace where

the center of mass (CoM) of the system is zero. In practice, this is achieved by subtracting the center
of mass of the system before performing likelihood computations or denoising steps.

2.2 Joint distribution with inpainting

As an extension to the conditional approach described above, we also present anjgsnting
approach. Originally introduced as a technique for completing masked parts of ini&ga6]||
inpainting has been adopted in other domains, including biomolecular struckdie$iere, we
extend this idea to three-dimensional point cloud data.

We rst train an unconditional DDPM to approximate the joint distribution of ligand and pocket

nodeqo(zf,';t)a; zsztl1 3. This allows us to sample new pairs without additional context. To condition

on a target protein pocket, we then need to inject context into the sampling process by modifying the
probabilistic transition steps. The combined latent representzzﬂb?'l) of protein pocket and ligand

at diffusion steg 1 is assembled from a forward noised version of the pocket that is combined
with ligand nodes predicted by the DDPM based on the previous latent representatiort at step

P P)._(P
zt( i;known p(zt( :)széat;) (2)
L;P L;P)._ (L;P
Zt( 1;l}nkn0wn p (Zt( 1 )Jzt( )) (3)
(LP) — (L) .5 (P) .
Zt 1 - Zt 1;unknowry Zt 1;known * (4)

3We use notationz(5" ) and[z("); z(")] interchangeably to describe the combined system of ligand and
pocket nodes.



Table 1: Evaluation of generated molecules for targets from the CrossDocked and Binding MOAD
test sets. denotes that we re-evaluate the generated ligands provided by the authors. The inference
times are taken from their papers.

Vina Score (kcal/mok) QED (") SA(") Lipinski (")  Diversity (*) Time (s,#)
CrossDocked test set 6:871 2:32 0476 0:20 0728 0:14 4340 114 — —
3D-SBDD (AR) [22] 5:888 1:.91 0502 0:17 0675 0:14 4787 051 0742 0:.09 19659 14704
Pocket2Mol [12] 7:058 2:80 0572 0:16 0752 0:12 4936 027 0735 0:15 2504 2207
DiffSBDD-cond (C ) 5:540 1:57 0460 0:14 0357 0:09 4821 0:45 0815 0:06 324 189
DiffSBDD-inpaint (C ) 5:735 1:80 0427 0:15 0343 009 4789 0:49 0807 0:07 329 177
DiffSBDD-cond 6:584 2:06 0495 0:15 0336 0:.09 4795 0:49 0730 O0:11 1634 769
Binding MOAD test set 8:103 2:26 0602 0:15 0336 0:08 4838 0:37 — —
DiffSBDD-cond (C ) 6:220 1:83 0516 0:16 0325 0:09 4855 0:40 0719 0:07 414 151
DiffSBDD-inpaint (C ) 5:981 5:38 0486 0:17 0324 009 4697 063 0716 0:.08 417 151

In this manner, we traverse the Markov chain in reverse order frenT tot = 0, replacing the
predicted pocket nodes with their forward noised counterparts in each step (Figure 2). ER)ation
conditions the generative process on the given protein pocket. Thanks to the noise schedule, which
decreases the variance of the noising process to almost zerotatthe nal sample is guaranteed

to contain an unperturbed representation of the protein pocket.

Since the model is trained to approximate the unconditional joint distribution of ligand-pocket pairs,
the training procedure is identical to the unconditional molecule generation procedure developed by
Hoogeboom et a[16] aside from the fully-connected neural networks that embed protein and ligand
node features in a common space as described in Section 2.1. The conditioning on known protein
pockets is entirely delegated to the sampling algorithm, which means this approach is not limited to
ligand-inpainting but, in principle, allows us to mask and replace arbitrary parts of the ligand-pocket
system without retraining.

Equivariance Similar desiderata as in the conditional case apply to the joint probability model,
where we desir& (3)-invariance that can be obtained from invariant priors via equivariant &k [

The main complications compared to the previous approach are the missing reference frame and
impossibility of de ning a valid translatiomavariant prior noise distributionp(z+) as such a distri-

bution cannot integrate to one. Consequently, it is necessary to restrict the probabilistic model to a
CoM-free subspace as described in previous watks18, 16]. While the reverse diffusion process

is de ned for a CoM-free system, substituting the predicted pocket node coordinates with a new
diffused version of the known pocket as described in Equati@ys(4) can lead to non-zero CoM. To
prevent this, we translate the known pocket representation so that its center of mass coincides with the

predicted representatiowfp)l;knovvn = XEP)l;unknown XEP?L;known before creating the new combined
(LP) — (P) (P) K (P)

; (L) . 2(P) ; —
representatlont 1 [Zt 1;unknown’z~t 1;known] Wlthzt l;known_[x~t 1;knowns "'t 1;knownl*

3 Experiments

3.1 Datasets

CrossDocked We use the CrossDocked dataskf][and follow the same ltering and splitting
strategies as in previous workZ, 12]. This results in 100,000 high-quality protein-ligand pairs for

the training set and 100 proteins for the test set. The split is done by 30% sequence identity using
MMseqgs2 [23].

Binding MOAD We also evaluate our method on experimentally determined protein-ligand com-
plexes found in Binding MOAD 13] which are Itered and split based on the proteins' enzyme
commission number as described in Appendix B. This results in 40,354 protein-ligand pairs for
training and 130 pairs for testing.

3.2 Evaluation

For every experiment, we evaluated all combinations of all-atormCaniével graphs with conditional
and inpainting-based approaches respectively (with the exception of the all-atom inpainting approach
due to computational limitations). Full details of model architecture and hyperparameters are given



Figure 3: DiffSBDD models trained on Binding MOAD evaluated against a human receptor protein
(PDB: 6c0b). Conditional and inpainting approaches are comp&eddr both) and the three
highest af nity molecules from each model are presented. Further details of the molecules shown
here are explained in Appendix D.1.

in Appendix A. We sampled 100 valid molecutder each target pocket with ground truth ligand
sizes and remove all atoms that are not bonded to the largest connected fragment. Evaluation metrics
are described in Appendix A.

Baselines We compare with two recent deep learning methods for structure-based drug design.
3D-SBDD[22] and Pocket2Mol12] are autoregressive schemes relying on graph representations of
the protein pocket and previously placed atoms to predict probabilities based on which new atoms are
added.3D-SBDDuses heuristics to infer bonds from generated atomic point clouds Ranilet2Mol
directly predicts them during the sequential generation process.

3.3 Results

Overall, the experimental results in Table 1 suggest that DiffSBDD can generate diverse small-
molecule compounds with predicted high binding af nity, matching state-of-the-art performance.
We do not see signi cant differences between the conditional model and the inpainting approach.
The diversity score is arguably the most interesting, as this suggests our model is able to sample
greater amounts of chemical space when compared to previous methods, while maintaining high
binding performance, one of the most important requirements in early-stage, structure-based lead
discovery. Speci cally, DiffSBDD aims to generate ligands that bind to protein pockets and learn
the probability density of ligands interacting with protein pockets. While it does not optimize for
other molecular properties, such as QED and Lipinski, it generates molecules similar to the test
set distributions. Only SA scores are signi cantly lower on average. While it is unclear why the
model fails to approximate the distribution of synthetic accessibility scores successfully, simple
techniques can be used for downstream optimization of this property once promising candidates are
found (Section D.4). Generally, presenting the full atomic context to the model constrains the space
of outputs considerably, leading to higher Vina scores but lower diversity comparedGo tbely

models. The all-atom model consistently be@tsbased models on a per target basis (Appendix
Figure 11).

Generated molecules for a representative target from the Binding MOAD dataset are shown in
Figure 3. The target (PDB: 6¢c0Db) is a human receptor which is involved in microbial infe2dbn [

and possibly tumor suppressia2f]. The reference molecule, a long fatty acid (see Figure 3) that
aids receptor binding [24], has too high a number of rotatable bonds and low a number of hydrogen
bond donors/acceptors to be considered a suitable drug (QED of 0.36). Our model however, generates
drug-like (QED between 0.63-0.85) and suitably sized molecules by adding aromatic rings connected
by a small number of rotatable bonds, which allows the molecules to adopt a complementary binding
geometry and is entropically favourable (by reducing the degrees of freedom), a classic technigue in
medicinal chemistry [26]. More examples and additional analyses can be found in Appendix D.

“Due to occasional processing issues the actual number of available molecules is slightly lower on average
(see Appendix D.1).



4 Conclusion

In this work, we propose DiffSBDD, ai (3)-equivariant 3D-conditional diffusion model for
structure-based drug design. We demonstrate the effectiveness and ef ciency of DiffSBDD in
generating novel and diverse ligands with predicted high-af nity for given protein pockets on both a
synthetic benchmark and a new dataset of experimentally determined protein-ligand complexes. We
demonstrate that an inpainting-based approach can achieve competitive results to direct conditioning
on a wide range of molecular metrics. Extending this more versatile strategy to an all atom pocket
representation therefore holds promise to solve a variety of other structure-based drug design tasks,
such as lead optimization or linker design, without retraining.
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Appendix for

“Structure-based Drug Design with
Equivariant Diffusion Models”

A Implementation Details

Molecule size As part of a sample's overall likelihood, we compute the empirical joint distribution
of ligand and pocket nodggN, ; Np) observed in the training set and smooth it with a Gaussian
Iter ( =1). Inthe conditional generation scenario, we derive the distribyg{dh jNp ) and use it

for likelihood computations.

For sampling, we can either x molecule sizes manually or sample the nhumber of ligand nodes from
the same distribution given the number of nodes in the target pocket:

NL  p(NLjNp): )

Preprocessing All molecules are expressed as graphs. FoiGhenly model the node features

for the protein are set as the one hot encoding of the amino acid type. The full atom model uses
the same one hot encoding of atom types for ligand and protein nodes. We refrain from adding a
categorical feature for distinguishing between protein and ligand atoms in this case and continue
using two separate MLPs for embedding the node features instead.

Noise schedule We use the pre-de ned polynomial noise schedule introduced in [16]:
t 2
~=1 T o t=0;:5T (6)

Following [27, 1€], values of~t2jS = = % are clipped between 0.001 and 1 for numerical stability

neart = T, and~ is recomputed as
~t = ~i 1 (7)

Atiny offset =10 °is used to avoid numerical problemstat 0 de ning the nal noise schedule:
f=@ 2) F+: (8)

Feature scaling We scale the node type featutesdy a factor of 0.25 relative to the coordinates
which was empirically found to improve model perfomance in previous work [16].

Hyperparameters Hyperparameters for all presented models are summarized in Table 2. Training
takes about1 h (BindingMOAD) and24 h (CrossDocked) per 100 epochs on a single NVIDIA V100
GPU intheC scenario an®6 h (CrossDocked) per 100 epochs on a single NVIDIA A100 GPU
with all atom pocket representation.

Evaluation Metrics We employ widely-used metrics to assess the quality of our generated
molecules 12, 10]: (1) Vina Score is a physics-based estimation of binding af nity between
small molecules and their target pocket; @D is a simple quantitative estimation of drug-likeness
combining several desirable molecular properties;38)(synthetic accessibility) is a measure
estimating the dif culty of synthesis; (A)ipinski measures how many rules in the Lipinski rule

of ve [ 28], which is a loose rule of thumb to assess the drug-likeness of molecules, are satis ed;
(5) Diversity is computed as the average pairwise dissimilarity Tanimoto similarity between

all generated molecules for each pocket; If§erence Time is the average time to sample 100
molecules for one pocket across all targets. All docking scores and chemical properties are calculated
with QuickVina2 [29] and RDK:it [30].

Postprocessing For postprocessing of generated molecules, we use a similar procedur@Zs in [
Given a list of atom types and coordinates, bonds are rst added using OpenBéabaMe then

use RDKit to sanitise molecules, Iter for the largest molecular fragment and nally remove steric
clashes with 200 steps of force- eld relaxation.
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Table 2: DiffSBDD hyperparameters.

CrossDocked Binding MOAD

Cond CondC ) Inpaint C ) Cond C ) Inpaint C )
No. layers 6 6 6 6 6
Joint embedding dim. 32 32 32 32 32
Hidden dim. 256 256 256 256 256
Learning rate 10 4 10 4 10 4 10 4 10 4
Weight decay 10 12 10 12 10 2 10 2 10 12
Diffusion steps 1000 1000 1000 1000 1000
Edges < 7A  fully connected fully connected fully connected  fully connected
Epochs 1000 1000 1000 800 800

B Binding MOAD Dataset

We curate a dataset of experimentally determined complexed protein-ligand structures from Binding
MOAD [13]. We keep pockets with valtdand moderately “drug-like' ligands with QED score0:3.

We further discard small molecules that contain atom type€; N; O; S;B; Br; Cl; P;I;F gas

well as binding pockets with non-standard amino acids. We de ne binding pockets as the set of
residues that have any atom wittil of any ligand atom. Ligand redundancy is reduced by randomly
sampling at most 50 molecules with the same chemical component identi er (3-letter-code). After
removing corrupted entries that could not be procesé@@54training pairs and 130 testing pairs
remain. A validation set of size 246 is used to monitor estimated log-likelihoods during training. The
split is made to ensure different sets do not contain proteins from the same Enzyme Commission
Number (EC Number) main class.

C Proofs

In the following proofs we do not consider categorical node featuras only the positions are

subject to equivariance constraints. Furthermore, we do not distinguish between the zeroth latent
representation o and data domain representationg, for ease of notation, and simply drop the
subscripts.

C.1 O(3)-equivariance of the prior probability

The isotropic Gaussian pricp(x(TL)jx(P)) = N( (x(P)); 21) is equivariant to rotations and
re ections represented by an orthogonal mafx2 R® 3 aslong as (Rx P)) = R (x(P))
because:

(L)

: 1 1. .
P(Rx (TL)JRX(P)) = pﬁe)@ ﬁJJRXT (Rx P)jj?

1 1. o )

PWGXP ﬁJJRX(T) R (x®)jj?

1 1. . )

SP P g AR i
)

1 1. -
Py gt i

pOx§ix )

Here we useg| Rx jj» = jjxjj» for orthogonaR .

Sas de ned inhttp://www.bindingmoad.org/
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C.2 0O(3)-equivariance of the transition probabilities

The denoising transition probabilities from time stefp s < t are de ned as isotropic normal
distributions:

p O hix{ R ) = N (P n s (x5 Ox P g ©)

Thereforep (x{")jx{"); 2(L): x(P)) is O(3)-equivariant by a similar argument to Section C.1 if

t1 s is computed equwarlantly from the three-dimensional context.

. 2 2 . - -
Recalling the de nition of ¢ = -U5=x") + = ji=2(L) we can prove its equivariance as
t t
follows:

.2
0 s(Rx M Rx Py = U8 SRy () g 2 tJS)Q(L)(Rx () Rx P))
t t
2
_tjs SRX (L) + S th
= U SRy
t t

RRML (x):x®P))  (equivariance oR ("))

2 2
=R t152 sng) + S ;JSR‘(L)(XEL);X(P))
t t
L
=R o s(x{";x®);

wherex(-) de ned asp(‘) = %xﬁ” -L7is equivariant because:
L t L). .
RO Rx M Rx Py = Rx —t"(Rx§ )i Rx (P);1)

l . .
“Rx " LRAXP);x Pty (~predicted by equivariant neural network)
t t

1
=R =x{ =nx(Pix®i)
t

t
RRM) (x () x (P)y:

C.3 0O(3)-equivariance of the learned likelihood

LetR 2 R® 2 be an orthogonal matrix representing an elengginbm the general orthogonal group
0O(3). We obtain the marginal probability density of the Markovian denoising process as follows

Z
p (x§gix®y = px P PNp (x§ X xP)dx
z N
= peEix®) p e hix (P ix Pk
t=1
and the sample's likelihood ©(3)-equivariant:
z v
p (RxViRx )= p(Rx PjRx ™)~ p (Rx (MjRx (") Rx Plydx 1.7
t=1
z v
= pxVx®) p (Rx MLjRx (P Rx Pydx st (equivariant prior)
t=1
Z
= p(xVjx®)y p (xjx (M xPydxy.r  (equivariant transition probabilities)

t=1

p (x§jx®))
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Figure 4: DiffSBDD models trained on CrossDocked and evaluated against a aminotransferase (top,
PDB: 2jjg) and hydrolase (bottom, PDB: 3kc1). Conditional and inpainting approaches are compared
(using all-atom aneC level protein presentations respectively) and three high af nity molecules
from each model are presented. “Sim' is the Tanimoto similarity between the generated and reference
ligand.

D Extended results

D.1 Additional Experimental Details

The numbers of available molecules differ slightly between different methods due to computational
issues or missing molecules in the available baseline sets. More precisely, on #&5a§2:8,
and98:3 molecules have been evaluated per pocket for Diff SBDD-cond, DiffSBDD-inp@in, (

and DiffSBDD-cond C ), respectively. For Pocket2Md®8:4 molecules are available per pocket.
The set of 3D-SBDD molecules does not contain generated ligands for two test pockets. For the
remaining 98 pocket89:9 molecules are available on average.

All Figures show molecules generated where the starting number of nodes equals the number of
nodes in the reference ligands, with the exception of Figure 3, which employs the sampling strategy
outlined in Appendix A.

D.2 Additional Molecular Metrics

In addition to the molecular properties discussed in Section 3 we assess the models' ability to
produce novel and valid molecules using four simple metrics: validity, connectivity, uniqgueness,
and novelty. Validity measures the proportion of generated molecules that pass basic tests by
RDKit—mostly ensuring correct valencigSonnectivity is the proportion of valid molecules that do

not contain any disconnected fragments. We convert every valid and connected molecule from a
graph into a canonical SMILES string representation, count the number unique occurrences in the set
of generated molecules and compare those to the training set SMILES to camjmptenessand

novelty respectively.

Table 3 shows that only a small fraction of all generated molecules is invalid and must be discarded
for downstream processing. The DiffSBDD models trained on CrossDockedwifiocket represen-

tation generate fragmented molecules about 50% of the time. Since we can simply select and process
the largest fragments in these cases, low connectivity does not necessarily affect the ef ciency of the
generative process. Moreover, all models produce diverse sets of molecules unseen in the training set.
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