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Assessing the factors influencing the quality 
of pocket‑conditioned 3D generative models
Kunyu Wang1*†, Helen Lai2†, Ross Irwin1,3, Jon Paul Janet1 and Alessandro Tibo1 

Abstract 

Structure-based drug discovery (SBDD) aims to identify novel molecules that bind to therapeutic protein targets. The 
vast chemical space and limitations of traditional approaches make this task challenging. Recent advances in AI-
generative models, such as flow matching, can produce novel, pocket-conditioned molecular structures directly 
in three-dimensional space. However, most pocket conditioned models in the literature are trained on structures 
derived from the Protein Data Bank (PDB), which contains structures with varying quality and inconsistent annotation. 
Moreover, the PDB is enriched with cofactors and natural products, thereby poorly representing real world SBDD sce-
narios. The relatively limited number of ligand series within the same pockets also hinder the model’s ability to learn 
protein-ligand interactions effectively. Here for the first time we report the results of training pocket-conditioned 
generative models on internal crystallography data from a large pharmaceutical company. We also investigate other 
key determinants of model performance, such as inclusion of hydrogens and pretraining on unconditional data. We 
evaluate how each factor affects the generative quality of the ligands across the diverse training settings. Our results 
provide practical guidelines for the development of more effective 3D generative models for SBDD and highlight key 
directions for future research toward reliable, pocket-aware molecular design.  

Scientific contribution 

The paper systematically analyzes the key determinants of performance in pocket-conditioned flow matching models 
and, for the first time, evaluates training on internal data from a large pharmaceutical company for molecular genera-
tion. Our results highlight future directions for developing more reliable and effective 3D generative models.

Keywords  Flow matching, SBDD, Generative models, 3D generation

Introduction
Structure based drug discovery (SBDD) aims to dis-
cover novel molecules that specifically bind target pro-
teins, and plays a critical role at preclinical stage of 
drug development [3]. Ideally the identified small mole-
cules are expected to form strong interactions with the 
therapeutic site while remaining high drug-likeness and 
synthesizability. As the estimated size of chemical space 
exceeds 1063 [9], acquisition of qualified molecules is 
non-trivial. Substantial efforts have focused on devel-
oping methods to search for ligands within this near-
infinite space. There are traditional approaches such as 
virtual screening [50], which docks compounds from 
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large commercially-accessible libraries (e.g. Enamine 
REAL [27] or ZINC [67]) into the target pocket. Most 
candidates are rejected due to insufficient complemen-
tarity, resulting in low absolute hit rates [73]. Another 
established approach is fragment optimization driven 
by molecular dynamics and free energy perturbation 
(MD/FEP) [51], in which fragments are modified with 
functional groups to lower relative binding free ener-
gies. However, calculation for a single protein-ligand 
complex can take a long time to converge [19], imped-
ing its application to large-scale ligand campaign. In 
summary, despite successful drug projects have been 
delivered [70], these techniques generally require sub-
stantial computational resource and are suboptimal in 
efficiency.

Recent advances in artificial intelligence and machine 
learning methods (AI/ML) have developed generative 
models as a novel avenue to proactively explore the chem-
ical space. Instead of selecting molecules with desired 
properties from existing database, molecular generative 
models can generate novel ligands beyond the training 
dataset [4, 74]. These models learn the underlying dis-
tribution of the chemical space from the training data, 
enabling the exploration of previously uncharacterized 
regions. To be applied to a target protein, molecules gen-
erated by 2D models must be assigned with appropriate 
3D poses by docking protocols. Trained under Reinforce-
ment Learning (RL) frameworks, models can directly 
generate molecules with improved docking scores [23, 
37]. However, these approaches typically require mul-
tiple training rounds and costly docking at each round. 
Since they learn through environment interactions rather 
than direct pocket conditioning, these methods require 
thousands of iterations to reach productive performance. 
Moreover, their accuracy is bounded by the performance 
of docking protocols themselves. From this perspec-
tive, three-dimensional (3D) generative models trained 
directly on crystallographic data have emerged as espe-
cially promising for SBDD [49, 54, 56]. They directly pro-
duce atomic coordinates and bond connectivity in 3D, 
proposing appropriate 3D conformations without dock-
ing. Pioneering 3D approaches voxelized atomic densities 
and employed 3D-CNNs [56], which lacked equivariance 
and scaled poorly. Later studies represent molecules as 
3D graphs and apply equivariant graph neural network 
(GNN) to address these issues [49, 54]. Many of these 
methods rely on auro-regressive strategy to generate 
atoms sequentially [49, 54]. However, because molecular 
graph lack a natural sequence, similar arguments have 
been made [34, 40] that stepwise generation imposes an 
artificial ordering, inherently risking error accumulation 
or generative bias. As in text and image generation, dif-
fusion [32, 65] and flow-matching [43] architectures offer 

an alternative one-shot generative way of constructing 
3D molecules conditioned on protein pocket [18, 28, 35]. 
Neural networks are trained either to denoise corrupted 
3D molecular graphs (diffusion), or map the objects from 
known distribution to target data distribution (flow-
matching). The time-consuming sampling process is fur-
ther improved by efficient optimal transport [36].

Although flow-matching models have achieved state-
of-the-art performance among pocket-conditioned 
3D generative models on general metrics (e.g., valid-
ity, uniqueness, and novelty) [18, 36], their application 
to practical SBDD tasks remains unsatisfactory. Several 
studies report lower chemical plausibility and drug-like-
ness in molecules generated by 3D-based models com-
pared with those from public datasets or SMILES-based 
generative models such as REINVENT [11, 44, 59, 73]. 
Assessments of generated 3D conformations on differ-
ent benchmarks also reveal a general suboptimal protein-
ligand binding scores before energy-minimization or 
redocking [6, 44]. Although the casuses are not yet fully 
understood, several noteworthy factors can be further 
studied.

First is the extreme sparsity of high-quality training 
data. Compared to 2D molecule graph databases such 
as PubChem ( ≥ 123 million entries [39]), the GEOM-
Drugs database contains 37 million 3D conformations 
generated from only 450,000 molecules [5]. The overall 
size further shrinks when considering protein-bound 
information, with around 27,000 experimentally resolved 
protein-ligand complex structures in the latest PDBBind 
[47] (v.2024). Many of these structures are not drug like, 
and the number of ligands per protein (“chemical series") 
is low, not providing many examples for learning the 
fine details about protein-ligand interactions needed for 
SBDD. Quantity is not the only limitation; raw data often 
contain issues like redundant targets and low-resolution 
structures, requiring careful cleaning and curation before 
training. Insufficient experimental data drive scientists 
resort to computationally modeled data for complemen-
tarity. However, whether the unrealistically modeled pro-
tein-ligand interactions from redocking introduce new 
bias into model training remains unknown. There is an 
urgent call of utilizing protein-ligand complex structure 
data with enhancement in both quantity and quality for 
training 3D generative models.

In response to data scarcity, pre-training may increase 
generative ability. As a standard technique to cope with 
low data regime, pre-training has improved model per-
formance on other tasks associated with protein-ligand 
interaction, including molecular conformation gen-
eration [77], binding affinity prediction [72] and guided 
docking [12]. Its benefit for de novo 3D molecule genera-
tion is still unclear.
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Third, hydrogen atoms strongly influence ligand 3D 
conformations within the pocket. They determine the 
formation of hydrogen bonds, which are one of the most 
common and energetically important mechanisms for 
specific ligand binding. Despite their crucial role, a lot 
of models generate only heavy atoms (e.g. C,O,N,S) then 
use external cheminformatics software (e.g. RDKit) to 
add them post hoc [34]. The influence of incorporation of 
explicit hydrogen during training of 3D generative mod-
els requires further study.

In this paper, we rigorously investigate the impact 
of aforementioned factors on pocket-conditioned 3D 
generative models for de novo ligand generation. Using 
flow-matching model as the state-of-the-art architecture, 
we aim to systematically evaluate conditional generative 
model’s performance across various training settings, 
providing practical guidelines for effective model devel-
opment in the field of SBDD. Specifically, we explore the 
following experimental scenarios:

•	 Dataset quantity and quality: we analyze the influ-
ence of different datasets by comparing models 
trained on open-source datasets against those addi-
tionally trained using a private, high-quality crystal-
lography dataset from industry for training, as well as 
the impact of combining data sources.

•	 Effect of pre-training: we study whether pre-training 
on unconditional molecular data prior to condition-
ing on protein pockets improves performance.

•	 Role of hydrogens: we assess the impact of including 
hydrogen atoms during by comparing models trained 
with and without explicit hydrogens.

Related work
3D molecular generation:    Advances in diffusion- and 
flow-based generative modelling frameworks have 
recently led to significant strides in 3D molecular gen-
eration. The Equivariant Diffusion for Molecules (EDM) 
model [33] applied a diffusion generative framework [32, 
65] to continuous and discrete data in order to jointly 
sample atom types and 3D coordinates. This approach 
was later extended [41, 69] to include formal charges and 
bond orders, and to improve the quality of the generated 
molecules. Since molecular diffusion models often suffer 
from very long sampling times, flow matching [2, 43, 46] 
models such as FlowMol [20] and SemlaFlow [36] have 
been proposed to reduce generation times.

Pocket-conditioned generation:   In addition to uncon-
ditional generation, models which generate ligands 
within a target protein pocket have also seen a recent 
surge of interest. These models jointly represent the pro-
tein pocket and ligand in 3D space, and learn a ligand 

generative model, where the protein pocket acts as a 
condition for the generation. Earlier models, such as 
3D-SBDD [49], Pocket2Mol [54], and Graph-BP [45] 
applied auto-regressive generation within a fixed pro-
tein pocket to produce ligand atoms one-by-one. Later 
approaches, such as DiffSBDD [60], TargetDiff [28] also 
applied diffusion frameworks to the same setting. Other 
models have since been proposed which extend the 
core generative framework. PILOT [17] guides the gen-
eration towards ligands with desirable chemical proper-
ties, and FlexSBDD [76] and DrugFlow [61] attempt to 
produce induced-fit effects within the pocket geometry 
while generating a ligand. Other approaches focused on 
producing molecules with improved docking scores [22, 
55]. More recently, FLOWR [18] proposed to use a sepa-
rate encoder model for the protein pocket and trained a 
ligand decoder using flow matching. This led to a signifi-
cant improvement in the quality of ligand binding pose 
and reduced sampling time up to 70-fold. Various meth-
ods have also been proposed to generate ligands condi-
tioned on desired pharmacophoric interactions with the 
pocket [1, 18, 42, 78]. There has also been a recent inter-
est in methods to improve the synthesisability of gener-
ated molecules by jointly generating ligands along with 
possible synthesis routes [57, 63].

Ligand evaluation:    Further scrutiny of pocket-con-
ditioned generative models has revealed a number of 
lurking problems. Many earlier models were found to 
generate chemically unrealistic molecules – forming no 
enthalpically-favourable interactions with the protein 
[31]. They also tended to generate molecules with highly 
strained binding poses, and were heavily reliant on post-
processing minimisation or re-docking [7, 59]. Some 
more recent models have, however, shown an ability to 
generate much higher-quality poses [18, 61]. An addi-
tional concern is how well generative models are able 
to generalise to proteins which are underrepresented in 
structural datasets. Studies on deep-learning docking 
models have shown that performance drops consider-
ably when models are presented with structurally novel 
pockets [58, 64]. While some studies have attempted to 
combat this [18, 21], the lack of diverse protein-ligand 
structural data means generalisability is likely to remain 
a problem.

Methods
Flow matching for molecular generation
Flow matching (FM) has recently been introduced 
as a method for learning a mapping from an easy-to-
sample prior distribution pnoise to a target distribution 
pdata , which describes the training data, by following 
a time-dependent probability path pt . Frameworks for 
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generating continuous data [2, 43, 46], and for discrete 
data [14, 24] have been proposed, providing powerful 
techniques for training generative models. Since we 
wish to generate multi-modal molecular data (continu-
ous atom coordinates and discrete atom and bond types 
and formal charges) we describe both in more detail 
below.

Flow matching for continuous data:   We aim to con-
struct a vector field vt which generates a probability 
path pt such that p0 = pnoise and p1 ≈ pdata . Lipman 
et al. [43] show that this can be achieved by first defin-
ing a conditional probability path pt|1(xt |x1) and an 
associated conditional vector field ut(.|x1) which gener-
ates pt|1(xt |x1) . Crucially,  Lipman et al. [43] show that 
we can regress ut(.|x1) against a learned unconditional 
vector field vθt (xt) and that this vector field will generate 
our desired unconditional probability path pt . At infer-
ence time, we generate an initial sample from our prior 
distribution x0 ∼ p0(x0) and then integrate this sample 
through time, following vθt  until t = 1 to generate a sam-
ple from the target distribution [15].

In particular, in this work we define the prior dis-
tribution as a unit Gaussian p0 = N (0, I) and fol-
low a linear interpolation for molecular coordinates 
xt = tx1 + (1− t)x0 where x0 ∼ p0(x0) . One vector 
field which can be shown to generate this path [2, 43] 
is given by ut(xt |x1) = x1−xt

1−t  . A neural network can then 
be trained to regress this vector field.

However, rather than learning a vector field, a num-
ber of models [36, 41, 69] have found it helpful train 
networks to directly predict the target x1 . This leads to 
the following loss function for continuous data:

where fθ is a neural network with parameters θ that pre-
dicts x̂1 from xt , xt ∼ pt|1(xt |x1) and x1 ∼ p1(x1) . In this 
paper, we follow the same convention and directly learn a 
denoising model. At inference time we can generate tar-
get samples by following the vector field vt(xt) = x̂1−xt

1−t  
where x̂1 = fθ (xt).

Discrete flow matching:    Various generative frame-
works based on continuous-time markov chains have 
recently been proposed to enable the generation of cat-
egorical data [13, 14, 24]. Here, we apply the discrete 
flow matching framework proposed in  Campbell et  al. 
[14]. We denote categorical data by h1 ∈ {1, ..., S}D , 
where D is the number of dimensions and S is the num-
ber of possible discrete states.

At sampling time, a sequence trajectory ht transits 
between different states following probability pt . At 
each time stamp, ht moves to the next state j with prob-
ability determined by the rate matrix Rt ∈ R

S×S . As for 

(1)LMSE = �fθ (xt)− x1�
2,

the continuous case, instead of explicitly using Rt , we 
consider the expectation on the conditional rate matrix 
Rt(ht , j|h1) that generates the conditional probability 
flow p1|t(h1|ht):

p1|t(h1|ht) can be approximated by a neural network 
(parametrized by θ ) trained with the cross-entropy loss 
function:

where t ∼ U [0, 1] , and ht is sampled from pt|1(ht |h1) , 
which linearly interpolates between pt|1(xt |x1) = 1

S at 
t = 0 and pt|1(xt |x1) = δ{x1, xt} at t = 1.

Pocket‑conditioned flow‑matching model for 3D molecule 
generation
This work focuses on protein-conditioned molecular gen-
eration within the flow-matching framework. We build 
on SemlaFlow [36], a state-of-the-art flow-matching 
architecture for unconditional 3D molecule generation, 
and extend it to incorporate explicit pocket information. 
SemlaFlow is designed to support both continuous and 
discrete flows, enabling joint generation of atomic coor-
dinates, atom types, formal charges, and bond orders 
within a unified framework (see "Flow Matching for 
Molecular Generation" Section). In the following section, 
we outline the architectural modifications and condition-
ing mechanisms required to adapt SemlaFlow for pocket-
informed molecular design.

Definition and notations:    Let X  denote the space of 
all valid molecules, and let X1 ∈ X  be a particular mol-
ecule. A molecule with n atoms is represented as the 
tuple X1 = (x1, a1, b1, c1) , where x1 ∈ R

n×3 contains 
the 3D coordinates of all atoms, a1 ∈ An contains the 
atom types, b1 ∈ Bn×n is the adjacency (bond) matrix, 
and c1 ∈ Cn contains the formal charges. The set A con-
sists of the supported atom types (e.g., H, C, O, N), the 
set B = {none, single, double, triple, aromatic} con-
tains the supported bond types, and the set C contains 
the supported formal-charge categories (e.g., −1 , 0, 1). 
In this framework, we consider only the protein pock-
ets surrounding the ligand, rather than the entire pro-
tein structure, to improve computational efficiency. 
Protein pockets are defined analogously to molecules; 
however, unlike molecules, proteins are often provided 
as PDB files in which explicit bond information is una-
vailable and must be inferred. Therefore, we simplify 
the representation by defining the protein pocket solely 
in terms of atom coordinates and types. We denote the 
protein pocket space as Y , where each pocket Y ∈ Y is 

(2)Rt(ht , j) := Ep1|t (h1|ht )[Rt(ht , j|h1)]

(3)LCE(θ) = Et,h1,ht [log p
θ
1|t(h1|ht)]
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represented as a tuple Y = (x, a) . The representation 
is analogous to that of a molecule tuple, except that the 
here we do not include formal charges.

Architecture adaptation:    We update the Semla-
Flow architecture to include Y ∈ Y as an input condi-
tion for the generative process. Formally, we denote 
the SemlaFlow architecture with X̂1 = fθ (Xt ,Y ) , where 
Xt is a noisy molecule, Y the protein pocket, X̂1 is the 
predicted molecule from the SemlaFlow, and θ are the 
model’s parameters. The model is trained (see [36]) by 
minimizing the regression term of Eq. 1 and the cross-
entropy term in Eq. 3

The protein’s np coordinates are passed through a linear 
layer that maps them to d coordinate sets, producing a 
tensor xp ∈ R

np×3×d . The np atom types, represented 
as one-hot vectors, are first embedded and then pro-
cessed by a simple MLP consisting of a linear layer, a 
SiLU activation, and a second linear layer, yielding a 
tensor hp ∈ R

np×d . The resulting features xp and hp are 
passed to each SemlaLayer, which consists of a feature 
feed-forward layer (see [36], "Flow matching for molecu-
lar generation" section) and a graph attention layer (see 
[36],  "Pocket-conditioned Flow-matching model for 3D 
molecule generation"  section). We modify each Semla-
Layer by adding a protein-specific feature feed-forward 
layer and further adapting the graph attention (GA) layer, 
which is the core modification required to condition 
SemlaFlow on protein pockets. Each GA layer augments 
the ligand–ligand message passing with ligand–protein 
messages. These additional messages are produced by a 
ligand-protein message module and incorporated into 
both the invariant and equivariant attention pathways. 

(4)

LSemlaFlow(θ) = �x MSE(Ox1, x1)+ �a CE(Oa1, a1)

+ �b CE(
Ob1, b1)+ �a CE(Oc1, c1).

The protein coordinates and features, xp and hp , are first 
normalized using an equivariant map xnormp = φequi(xp) 
and an invariant map hnormp = φinv(hp) , respectively. 
Then, for every ligand–protein atom pair (i, j), the model 
constructs invariant messages by concatenating ligand 
and protein features,

and equivariant messages based on the Euclidean dis-
tance between normalized ligand and protein coordi-
nates (i, j) across all coordinate sets s,

These messages of sizes Rn×np×d and Rn×np×d , respec-
tively, are then concatenated to the corresponding invari-
ant and equivariant messages mequi and minv applied to 
the ligand invariant and equivariant features (see [36] 
"Pocket-conditioned Flow-matching model for 3D mol-
ecule generation"  section). Ultimately, only the ligand 
nodes are updated, ensuring that the protein acts purely 
as a conditioning context while preserving the ligand-
centric nature of the model. Figure 1 illustrates how the 
protein conditioning attention mechanism works.

Experiments
Datasets
The pre-training of unconditional SemlaFlow model is 
performed on GEOM-Drugs [5] dataset, which consists 
of 317,928 high-quality simulated conformers. Two pro-
tein-ligand complex datasets were used for training and 
testing conditional models in the paper. The first one is 
PDBBind [71] (v.2020), a public benchmark dataset con-
taining 19,443 complex structures collected from experi-
mental measurements. The other dataset comprises of a 
9000-structure subset taken from Resolve, AstraZeneca’s 

µinv
i,j =

[

hnormi � hnormp,j

]

,

µ
equi
i,j,s =

√

∥

∥xnormi,s − xnormp,j,s

∥

∥

2
+ ε.

Fig. 1  Illustration of the attention operation between ligand and protein. The symbol ◦ denotes attention between the left (Q) and middle (K) 
matrices, computed as softmax(QKT )K  . For simplicity, we assume a ligand with 3 atoms and a protein with 4 atoms, each with feature dimension 
3. The left matrix contains ligand features. The middle matrix contains the concatenated ligand–protein atom features, forming a 3× 7 matrix. The 
right matrix shows the resulting attention output between the ligand (Q) and the concatenated features (K)
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in-house X-ray crystallography database of high-resolu-
tion protein-ligand complexes. Resolve is maintained and 
provided by Discovery Sciences, R&D, AstraZeneca.

Before application, both datasets were processed with 
the same cleaning steps using the Schrödinger suite [62]. 
The protein in each complex is screened based on their 
distances to the ligand, so that only the chains closest to 
ligand are kept. The processed complexes are then pre-
pared with Schrödinger’s PrepWizard for geometry cor-
rection and protonation states assignment. Successfully 
processed protein-ligand complexes are then evaluated 
the docking scores within the binding pocket by Glide 
[30]. Only complexes with negative Glide scores were 
retained, giving a final set of 18,990 PDBBind train-
ing samples. Binding pockets are extracted out of the 
remaining complexes following the similar settings in   
Zhang et  al. [75]. Specifically, any residue that has over 
10 atoms (including hydrogens) and has at least one atom 
within 3.5Å of the native bound ligand, will be included 
in the binding pockets. These selected binding pockets 
and their bound ligands form the datasets for next step 
of training.

We constructed the test set from PDBBind via time-
based splitting following DiffDock [16]. Any training 
complex whose ligand overlapped with the test set was 
excluded. Test complexes were processed with the same 
pipeline as for the training data. The final testset com-
prises 120 protein–ligand complexes.

The pocket-conditioned SemlaFlow is also trained 
and tested on SPINDER dataset [18], which is the larg-
est high-quality filtered subset of PLINDER (released 
06/2024) [21]. SPINDER incorporates extensive struc-
tural refinement while perfectly preserves the same train-
test splits of the original PLINDER dataset.

Training and testing
Models without pretraining were trained on their corre-
sponding protein-ligand complex dataset using the Adam 
optimizer for 300 epochs with batch size of 2.

The pretrained model was trained on the GEOM-
Drugs database using the Adam optimizer for 30 epochs. 
It was then fine-tuned on PDBBind and Resolve for 300 
epochs. During fine-tuning, random batches of two mol-
ecules from the GEOM-Drugs dataset were interleaved 
with protein–ligand pairs in an unconditional setting to 
prevent the model from forgetting general chemistry, as 
the protein–ligand datasets together contain fewer than 
20,000 complexes.

Models trained under different set-ups are all tested 
with datasets generated from the same receptors and 
procedures. For each of 120 protein pockets in the test-
ing set, 128 ligands was generated. These combined data-
sets are used for evaluations of benchmark scores. To 

assess the actual 3D generative ability, generated ligands 
from the models are directly used for testing without 
re-docking.

Models trained on SPINDER followed the same pro-
cess as models without pretraining.

Evaluation metrics
To compare model ability in target-conditioned genera-
tion fairly, we did comprehensive evaluation for gener-
ated molecules under a series of metrics across various 
aspects, including chemical plausibility, 3D conforma-
tion, and binding mode. Valid rate is computed as the 
fraction of valid molecules over all generated molecules, 
where “valid" is defined as (1) being constructed by 
“SDMolSupplier" function in RDKit (v2024.09), and (2) 
being successfully sanitized by RDKit(v2024.09) using 
function “Chem.SanitizeMol".

QED is the average Quantitative Estimation of Drug-
likeness score [8] over all valid generated molecules. QED 
combines a couple of physicochemical and structural 
properties to estimate the drug-likeness of molecule.

PBR (PoseBusters Ratio) represents the proportion 
of molecules that passed all 18 tests in PoseBusters test 
suite [11]. PoseBusters test suite is a collection of 18 met-
rics designed to identify chemically-inconsistent or phys-
ically-implausible binding pose in docking.

Strain Energy measures the energy change of the gen-
erated pose before and after the energy minimization 
in MMFF94 force field without pocket constraint. Gen-
erated molecules are first constructed by “SDMolSup-
plier" then optimized with “MMFFOptimizeMolecule" 
function in RDKit with maximum 200 iterations. It’s an 
assessment of whether the particular 3D conformation 
adopted by the molecule is energetically-favorable.

Docking-based estimation of binding enthalpy between 
generated ligand and target protein is assessed by score 
functions of two docking protocols, AutoDock Vina 
and Glide. Molecules are evaluated using the generated 
poses in situ and after local energy minimization, without 
re-docking.

VS represents the average AutoDock Vina score of all 
valid generated molecules binding to their target pocket.

GS represents the average Glide score of all valid gen-
erated molecules binding to their target pocket.

BNR (Better than Native Ratio) is, for each protein sys-
tem, the proportion of generated, valid molecules whose 
Glide scores are lower than that system’s native bound 
ligand, and the reported BNR is the average of this pro-
portion across protein systems.

#HB. counts the hydrogen bonds formed between gen-
erated ligand and pocket residues, detected by ProLIF 
[10].
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Int.R is the average of the proportion of ligand-protein 
interactions formed by generated ligands that match the 
native interactions.

Solved.R represents the proportion of generated struc-
tures for which AiZynthFinder [25] identified at least one 
synthetic route. As only structures with negative dock-
ing scores are typically considered viable candidates, 
and synthesis planning is computationally expensive, 
this metric is computed only for structures with nega-
tive docking scores. In this setup, AiZynthFinder uses a 
public compound stock for synthesis planning, while the 
template model is trained on internal data, providing 
improved performance and broader coverage of reaction 
space.

Chemical space illustration
We plot the 2D coverage of generated molecules in 
chemical space with UMAP [52]. Constructed molecules 
are sanitized and computed by RDKit to acquire their 
Morgan fingerprint vectors with 2048 bits. The high-
dimensional vectors are then transformed into 2D rep-
resentations via UMAP. A baseline subset is constructed 
by randomly selecting 2% of GEOM-Drugs database 
uniformly across atom counts 4–60. The UMAP trans-
formation computed from this subset is used for all 
dimensional reductions of data distribution plotted with 
UMAP.

Local energy minimization
Molecules are optimized by minimizing according to 
the MMFF94 force field, considering the local impact 
of pocket. We extended the two non-bonded terms of 
MMFF94, van der Waals and electrostatic interaction, to 
account for the interactions between ligand and target 
protein used to condition the generations. This extended 
MMFF94 energy is formally defined as:

where EvdW (X ,Y ) and EQ(X ,Y ) denote the Van der 
Waals and electrostatic interactions between a ligand 

(5)
E(X ,Y ) = MMFF94(X)+ EvdW (X ,Y )+ EQ(X ,Y ),

X and a protein Y  . The implementation is available 
at https://​github.​com/​Molec​ularAI/​Torch​MMFF94.

Results and discussion
Effect of different datasets
In this section, we investigate the impact of different 
training data on model performance. Generative models 
with the same architectures and settings are trained with 
three types of dataset compositions: only PDBBind, only 
Resolve, both PDBBind and Resolve (abbreviated as PDB-
Bind model, Resolve model and “both" model hereafter). 
Before trained on complex dataset, all models were first 
pre-trained unconditionally on GEOM-Drugs. All mod-
els generate explicit hydrogen atoms. Scores of gener-
ated ligands have been measured without re-docking, but 
we also provided scores after local energy minimization 
within the pocket for comparing.

We assess the 2D molecular graph quality of gener-
ated molecules in terms of validity, drug-likeness and 
chemical space coverage. Although containing only half 
of the number of training molecules, the Resolve model 
generated more valid molecules (75.62%) compared to 
PDBBind model (69.55%) (see Table  1). The generation 
quality is further improved for “both" model, which gen-
erated 10% more valid molecules compared to Resolve 
model (see Table  1). The drug-likeness of molecules is 
represented as the average QED scores of valid generated 
molecules. In evaluations for all three types of models, 
Resolve model and “both" model achieved similar QED 
(0.62 and 0.63), while PDBBind model have a slightly 
higher average QED (0.66) (see Table 1). Chemical spaces 
learned by three models all stay close proximity to the 
distribution of native ligands in test dataset. Notably, 
models that include Resolve in the training data demon-
strated a broader chemical space coverage (see Fig.  2a), 
indicating the stronger capacity to generative diversity.

Next we assessed the 3D molecular structural quality 
in different aspects. Higher strain energy indicates exist-
ing unrealistic bond lengths or torsion angles. The strain 
energy in descending order is 6.58 kcal/mol/atom for 

Table 1  Molecule quality metrics for the SemlaFlow model

QED quantitative estimate of drug-likeness, PBR PoseBuster pass ratio, BNR better-than-native ratio, Valid validity ratio, S. Energy strain energy, # HB. hydrogen bond 
count, Int.R interaction recovery ratio, Solved.R AiZynthFinder solved ratio

Method QED PBR (%) BNR (%) Valid (%) # HB S. Energy Int.R (%) Solved.R (%)

PDBBind 0.66± 0.16 27.8 2.9± 8.7 69.55 1.05± 1.13 6.58± 8.48 49.4± 18.8 34.67

PDBBind + Opt 0.66± 0.16 60.5 6.9± 15.6 69.55 1.25± 1.19 1.04± 2.42 49.7± 18.2 34.67

Resolve 0.62± 0.20 31.8 2.8± 9.6 75.62 1.18± 1.16 4.88± 3.19 47.4± 19.6 32.12

Resolve + Opt 0.62± 0.20 64.7 6.6± 17.1 75.62 1.30± 1.15 1.09± 2.11 47.6± 17.9 32.12

PDBBind + Resolve 0.63± 0.20 46.0 5.9± 14.8 86.20 1.69± 1.32 3.65± 1.96 55.3± 17.5 32.24

PDBBind + Resolve + Opt 0.63± 0.20 76.0 8.8± 19.0 86.20 1.64± 1.29 0.98± 2.07 52.2± 17.6 32.24

https://github.com/MolecularAI/TorchMMFF94
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Fig. 2  Comparison of results on the PBDBind test set for models trained on different datasets. a UMAP of sampled ligands b Ligand dot plot 
by Glide score (<10,000 kcal/mol) and strain energy before local optimization. c, d Number of protein-ligand hydrogen bonds before and after local 
optimization. e Best vina scores obtained for each test case. f Visualization of some sampled poses for three test systems, demonstrated molecules 
are after optimization



Page 9 of 19Wang et al. Journal of Cheminformatics           (2026) 18:82 	

PDBBind model, 4.88 kcal/mol/atom for Resolve model, 
and 3.65 kcal/mol/atom for “both" model (see Table  1). 
PoseBuster (PB) is a more comprehensive test suite com-
posed of 18 metrics involving both 2D graphs and 3D 
conformations. PBR is the fraction of valid molecules 
that passes all testing metrics. PBR for PDBBind model, 
Resolve model, “both" model is 27.8%, 31.8%, 46.0%. 
The model trained with both databases, also the largest 
training data, has the highest PBR of 46.0% (see Table 1), 
indicating a general superior quality. Overall, addition of 
Resolve data into training data helps in generating more 
geometrically valid and physically realistic molecules. 
After local energy minimization, strain energies of mol-
ecules from all three models were significantly reduced 
to around 1.0 kcal/mol/atom (see Table 1). In summary, 
model trained with larger dataset and more high-quality 
data has the best performance across 2D and 3D quality 
metrics.

We next analyze various surrogates that assesses the 
target binding affinity of generated molecules. Here we 
choose AutoDock Vina [68] score and Glide score [30] 
as two main metrics, which are both commonly used 
docking scores. The “both" model presents a significant 
advantage over the other two models in terms of both 
metrics, with over 67% molecules having negative Vina 
scores and over 38% having negative Glide scores (see 
Table  2). Compared to the other two models, the aver-
age Vina score and average Glide score are the lowest 
as well. Such relative advantage is preserved even after 
local energy minimization. Although all three sets of 
molecules show improved binding scores after relaxa-
tion, molecules generated by the “both" model make the 
greatest progress, with over 80% ligands having negative 
Vina scores and over 70% ligands have negative Glide 
scores (see Table  2). The statistics are supported by the 
Vina score evaluation for single targets across the test set. 
Figure  2e displays the best Vina scores each model can 
achieve, selected from the 128 ligands sampled for each 
of the 120 target proteins. The “both" model is able to 
generate ligands with the highest binding affinity on over 
90% of the receptors. Figure  2f visualizes 3D molecular 
conformations of the best ligands generated by each of 

the three models. Ligands with lower Vina scores show a 
higher pocket occupancy and fewer steric clashes. Analy-
sis of the Glide score - strain energy collective distribu-
tion of generated molecules is shown in Fig. 2b. In area 
where ligand affinities are higher (Glide score ≤ −5 kcal/
mol), level of strain energy is remained generally under 
10 kcal/mol/atom, especially for those ligands gener-
ated by the “both" model. This indicates that the model 
can generate better suited poses without the sacrifice of 
strained geometries. Count of realized hydrogen bonds 
between ligands and pocket provides another angle to 
compare different model capabilities in generating real-
istic binding poses. Over 80% of molecules generated by 
the “both" model builds at least 1 hydrogen bond with the 
receptor, while the fractions for the other two models are 
around 60% (see Fig. 2c). The discrepancy decreased after 
the local energy minimization (see Fig. 2d).

We also assessed the synthesizability of the generated 
structures using AiZynthFinder (see "Evaluation metrics" 
section for detailed settings) across all three settings. 
Among structures with negative docking scores, approxi-
mately 32% of those generated using models trained on 
PDBBind Resolve combined and Resolve alone were 
found to have at least one feasible synthetic route. For 
models trained on PDBBind alone, this proportion was 
slightly higher, at around 35%. We hypothesize that this 
difference arises because AiZynthFinder relies on a public 
compound stock to determine whether a route is solva-
ble. As a result, structures generated from models trained 
on public datasets may be more aligned with the available 
stock, making it easier to identify viable synthesis routes. 
Overall, however, we do not observe a significant differ-
ence in synthesizability across the three settings. Given 
that the models were not explicitly trained to optimize 
for synthesizability, the proportion of solved molecules is 
considered acceptable.

Finally, we also experimented with using Boltz-2 [53] 
to co-fold the six generated ligands in Fig. 2f with their 
targets to compare the resulting quality of the geometries 
obtained. In what we believe is the first comparison of the 
pose quality of pocket-conditioned flow matching models 
and large co-folding methods, we determined that the 

Table 2  Docking score evaluation for the SemlaFlow model

 VR < 0 negative vina score ratio, GR < 0 negative docking score ratio; VS vina score, GS glide score (mean docking score)

Method VR < 0 (%) GR < 0 (%) VS GS

PDBBind 47.00 19.41 3.04± 16.43 −4.45± 2.08 

PDBBind + Opt 64.98 53.85 −4.23± 7.45 −5.21± 2.06 

Resolve 48.40 23.68 3.98± 18.28 −4.19± 2.17 

Resolve + Opt 69.26 60.24 −3.70± 10.44 −4.97± 2.25 

PDBBind + Resolve 67.20 38.82 0.32± 15.66 −5.16± 2.17 

PDBBind + Resolve + Opt 80.12 71.88 −4.51± 8.22 −5.59± 2.20 
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overall quality of the poses generated by our method and 
Boltz-2 are very similar, although they solve very differ-
ent problems (ligand generation vs protein-ligand pose 
prediction, see Appendix F).

Effect of pre‑training
After analyzing the impacts of different complex data-
sets, we then investigate whether pretraining on uncon-
ditional ligand datasets could help improve model 
performance. Two models were trained with different 
manners: one is trained from scratch solely on PDBBind 
as the protein-ligand dataset; the other one is first pre-
trained on GEOM-Drugs [5] dataset for unconditional 
generative tasks, then fine-tuned on PDBBind for pocket-
conditional generation. Explicit hydrogens have been 
introduced into the generation process for both mod-
els. We use the same test subset as in "Effect of different 
datasets" section, and provide the additional evaluation 
results after local energy minimization.

In general, there is little difference in the 2D graph 
quality for models trained under two approaches. Chemi-
cal spaces drawn from the generated molecules of two 
models are highly overlapping, suggesting pretraining 
has minor impact on generation diversity (see Fig.  3a). 

The pretrained model can generate slightly more valid 
molecules (69.55%) compared to the from scratch model 
(66.11%) (see Table  3). Their generated molecules have 
shown similar drug-likeness as well (see Table 3). How-
ever, pretraining can lead to differentiated performance 
in terms of 3D conformation quality. The average strain 
energy value for molecules generated by from scratch 
model is significantly higher than molecules from pre-
trained model (10.59 vs. 6.58 kcal/mol/atom) (see 
Table  3). The overall distribution analysis then demon-
strates that it is a global phenomenon for all successfully 
docked molecules (see Fig. 3b). As a more comprehensive 
molecule quality checking tool, PBR assessment also sug-
gests a better generative quality of model with pretrain-
ing. 27.8% molecules generated by pretrained model 
passed all the PB testing metrics, compared to only 22.3% 
molecules for from scratch model (see Table 3). Although 
local energy minimization substantially improves the 
strain energy for from scratch model, the average value 
(1.58 kcal/mol/atom) is still 50% worse than pretrained 
model (1.04 kcal/mol/atom) (see Table  3). PBR of both 
models are improved under optimization, while the 
pretrained model still has the higher ratio (see Table 3). 
Hence, pretraining on unconditional data before 

Fig. 3  Comparison of results on the PBDBind test set for models trained with and without pretraining. a UMAP of sampled ligands b Ligand dot 
plot by Glide score (<10,000 kcal/mol) and strain energy before local optimization. c, d Number of protein-ligand hydrogen bonds before and after 
local optimization

Table 3  Molecule quality metrics for the SemlaFlow model

QED quantitative estimate of drug-likeness, PBR PoseBuster pass ratio, BNR better-than-native ratio, Valid validity ratio, S. Energy strain energy, # HB. hydrogen bond 
count, Int.R interaction recovery ratio

Method QED PBR (%) BNR (%) Valid (%) # HB S. Energy Int.R (%)

From Scratch 0.67± 0.15 22.3 4.2± 11.2 66.11 1.35± 1.23 10.59± 5.92 49.8± 19.0 

From Scratch + Opt 0.66± 0.16 53.7 8.7± 19.2 66.12 1.45± 1.29 1.58± 2.45 51.1± 18.1 

Pretrained 0.66± 0.16 27.8 2.9± 8.7 69.55 1.05± 1.13 6.58± 8.48 49.4± 18.8 

Pretrained + Opt 0.66± 0.16 60.5 6.9± 15.6 69.55 1.25± 1.19 1.04± 2.42 49.7± 18.2 
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conditional training is beneficial for models to preserve 
good 3D structure quality.

Analysis on ligand binding affinity surrogates shows a 
different picture. The negative Vina score ratio is 44.81% 
for model trained from scratch, and 47.00% for model 
with pretraining, with an average Vina score 4.20 kcal/
mol for model trained from scratch and 3.04 kcal/mol 
for model with pretraining (see Table 4). The pretrained 
model has a minor advantage, yet this becomes less obvi-
ous after the local energy minimization. Although from 
scratch model obtains a mean Vina score is −3.40 kcal/
mol, which is still worse than pretrained model (−4.23 
kcal/mol), its negative ratio increases to 82.35%, bet-
ter than that of pretrained model (64.98%)(see Table 4). 
Similar trends can also be observed in Glide score statis-
tics. Interestingly, these results are also supported by the 
assessments of BNR (see Table  3) and hydrogen bonds 
(see Fig. 3c, d). For either before or after the relaxation, 
the from scratch model generated ligands have more 
hydrogen bonds within the pocket, and more of them 
have better binding scores over native ligands. Mod-
els trained with only protein-ligand complex data might 
focus more on interactions with pocket, while focusing 
less on the rules of intramolecular geometry, thus rely 
more on other postprocessing tools i.e. force field to cor-
rect invalid structures.

Effect of incorporating hydrogen atoms during training
In this section, we performed experiments to investigate 
whether generating hydrogen atoms explicitly would 
help generation quality. We trained two models using 
the same model architecture but in one case we retained 
explicit hydrogen atoms and in the other case commit-
ted them. Both models are trained from scratch using 
only PDBBind dataset without pre-training. One model 
(“No Hs") generates only the heavy atoms of molecules, 
whose hydrogen count and positions are defined post-
generated by RDKit. These added hydrogens are opti-
mized exclusively under the extended MMFF94 force 
field ("Local energy minimization" section) for correct 

assignment. The other model (“Hs") generates molecules 
with all atoms, including the exact atomic coordinates 
and positions of hydrogen atoms. No extra optimization 
is performed. In cases designated for local energy mini-
mization (“No Hs Opt" and “Hs Opt"), a full-atom opti-
mization is performed to the ligand.

Exclusion of explicit hydrogens has a negative impact 
on chemical and physical validity of the generated mole-
cules. The fraction of valid molecular graphs is 58.34% for 
“No Hs" model and 66.11% for “Hs" model (see Table 5). 
Assessment of PBR again proves the capability of “Hs" 
model in generating more chemically realistic molecules. 
PBR of “No Hs" model is less than half of the “Hs" model 
(10.2% vs. 22.3%), and 4% lower after relaxation (49.3% vs. 
53.7%)(see Table  5). Generating explicit hydrogens also 
helps to improve the physical plausibility of the 3D poses. 
The “Hs" model produced molecules with an average 
strain energy of 10.59 kcal/mol/atom before local energy 
minimization, while “No Hs" model produced molecules 
with 15.96 kcal/mol/atom (see Table  5). However, from 
the chemical space coverage perspective, exclusion of 
hydrogens from training contributes to larger diversity of 
molecular graphs (see Fig. 4a).

The impact the on docking scores obtained is less 
prominent compared to the other metrics. Although 
evaluation of Vina score on “Hs" model shows a worse 
average value, its fraction of negative scores is higher 
(see Table 6). Such an advantage was amplified after local 
energy minimization, with 82.35% for “Hs + Opt" model 
and 54.81% for “No Hs + Opt" model (see Table 6). Two 
models are comparable in terms of average Glide score. 
Molecules from the “Hs" model have lower negative Glide 
score ratio and lower BNR ratio, while the results are 
swapped after local relaxation (see Tables 5, 6, Fig. 4b). It 
is well noted that compared to Vina score, Glide scores 
are presumed to be more accurate in evaluating protein-
ligand binding, see for example Guo et al. [29]. Therefore, 
for molecules that can pass the validity check, their bind-
ing scores are barely effected by whether explicit hydro-
gen are generated by the model or added in post-hoc.

Not surprisingly, there is considerable difference 
between two models regarding the formation of hydro-
gen bonds. The identified hydrogen bond count per 
molecule for the “No Hs" and “Hs" models are 1.13 and 
1.35 on average respectively (see Table  5). After local 
energy minimization, the percentages of hydrogen bond 
counts are more similar (see Fig. 4d), though the average 
count per molecule for “Hs" model is still higher. Under 
our pocket-conditioned generation settings, includ-
ing explicit hydrogen during training enables model to 
characterize more hydrogen bond interactions between 
generated ligands and protein. Cremer et  al. [18] found 
adding explicit Hs slightly reduced the mean interaction 

Table 4  Docking score evaluation for the SemlaFlow model

VR < 0 negative vina score ratio, GR < 0 negative docking score ratio, VS vina 
score, GS glide score (mean docking score)

Method VR < 0 (%) GR < 0 (%) VS GS

From Scratch 44.81 18.78 4.20± 18.67 −4.39± 2.26 

From Scratch 
+ Opt

82.35 56.53 −3.40± 10.09 −4.78± 2.29 

Pretrained 47.00 19.41 3.04± 16.43 −4.45± 2.08 

Pretrained + 
Opt

64.98 53.85 −4.23± 7.45 −5.21± 2.06 



Page 12 of 19Wang et al. Journal of Cheminformatics           (2026) 18:82 

recovery rate across test sets. The statistical discrepancy 
is likely because they only considered ligand hydro-
gens and they split hydrogen bonds into two categories 
(“HBDonor" vs. “HBAcceptor"). Our study retained pro-
tein hydrogens, thus treating both interaction directions 
equivalently as hydrogen bonds.

Conclusion
We conducted a number of experiments to test the per-
formance of a pocket-conditioned SemlaFlow model 
along three axes: dataset composition; pretraining on 
unconditional data; and explicitly generating hydro-
gen atoms. In terms of the data used to train pocket-
conditioned 3D generative models, we observed that 
(1) use of a subset of internal, high-quality drug-like 
crystal structures resulted in a better model than using 
the publicly-available PDBBind set, despite the later 
being more than twice as size; (2) the combination of 
the internal and publicly-available data resulted in the 
strongest model, showing clearly that the different sets 
are complementary. We hypothesize that the internal 
subset contains more “chemical series" data that helps 
the model make more accurate fine-grained predictions 

of binding poses, but that the PDBBind set is beneficial 
for having more data overall and better coverage of pro-
tein space.

Pre-training on ligand-only databases appears to ben-
efit models in generating more rational 3D ligand confor-
mations, but do not materially impact the predictions of 
protein-ligand complementarity.

Using the generative model to explicitly predict hydro-
gen atoms significantly increased the graph validity of 
generated molecules and improved the ability of the 
model to predict accurate protein-ligand interactions, in 
contrast to previous work.

This work assessed several variants of genera-
tive models for 3D molecular design that we have 

Fig. 4  Comparison of results on the PBDBind test set for models trained with and without explicit hydrogens. a UMAP of sampled ligands b 
Ligand dot plot by Glide score (<10,000 kcal/mol) and strain energy before local optimization. c, d Number of protein-ligand hydrogen bonds 
before and after local optimization

Table 5  Molecule quality metrics for the SemlaFlow model

QED quantitative estimate of drug-likeness, PBR PoseBuster pass ratio, BNR better-than-native ratio, Valid validity ratio, S. Energy strain energy, # HB. hydrogen bond 
count, Int.R interaction recovery ratio

Method QED PBR (%) BNR (%) Valid (%) # HB S. Energy Int.R (%)

No Hs 0.68± 0.15 10.2 5.3± 14.5 58.34 1.13± 1.19 15.96± 17.65 50.5± 18.6 

No Hs + Opt 0.68± 0.15 49.3 8.2± 19.8 58.34 1.33± 1.28 1.72± 15.56 53.6± 17.8 

Hs 0.67± 0.15 22.3 4.2± 11.2 66.11 1.35± 1.23 10.59± 5.92 49.8± 19.0 

Hs + Opt 0.66± 0.16 53.7 8.7± 19.2 66.12 1.45± 1.29 1.58± 2.45 51.1± 18.1 

Table 6  Docking score evaluation for the SemlaFlow model

VR < 0 negative vina score ratio, GR < 0 negative docking score ratio, VS vina 
score, GS glide score (mean docking score)

Method VR < 0 (%) GR < 0 (%) VS GS

No Hs 41.97 21.89 2.53± 17.50 −4.40± 2.70 

No Hs + Opt 54.81 44.27 −4.24± 9.16 −4.72± 2.63 

Hs 44.81 18.78 4.20± 18.67 −4.39± 2.26 

Hs + Opt 82.35 56.53 −3.40± 10.09 −4.78± 2.29 
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implemented industrially, and offers practical advice 
on future training of improved models. Our findings 
highlight the value proposition of relatively modest 
sets of high-quality data. One of the main advantages 
of 3D generative models over 2D models is that they 
can produce novel ligands (optionally conditioned on 
some features) directly in the 3D space, enabling us 
to leverage spatial information (including the protein) 
explicitly and in a zero-shot fashion. In contrast, 2D 
generative models typically need to be paired with rein-
forcement learning (RL) and rely on expensive, large 
blind searches combined with docking scoring function 
to identify promising candidates. On the other hand, 
2D generative models are typically easier to direct with 
multiple scoring functions, which means that they can-
not yet be substituted by 3D generators. While access to 
more high-quality data is always important for teaching 
the model better chemistry and mitigating overfitting, 
future extensions should consider the impact of adding 
synthetic data (i.e. docked or co-folded poses), which 
could potentially greatly expand the dataset size at the 
cost of introducing additional uncertainties in terms 
of data errors. Another key component that should be 
considered is how to incorporate better property con-
trol. Unlike discrete architectures such as REINVENT 
[48] that provide direct access log-likelihoods, apply-
ing efficient RL to diffusion or flow-matching models is 
more challenging. Specifically, likelihood computation 
for these types of models is expensive due to having to 
propagate gradients through the entire time trajectory. 
This motivates more innovative model designs to facili-
tate practical, effective multi-dimensional steering.

Appendix
Appendix A: SPINDER dataset evaluation
In this section, we utilized another curated protein-
ligand dataset SPINDER to measure the generalizing abil-
ity of our model architecture. Different to experiments in 
"Effect of different datasets" section using PDBBind test 
set, here we use SPINDER test set for evaluation. Two 
models with the same architecture were compared before 
and after the optimization. One (“SPINDER") is trained 
from scratch on SPINDER training data, and the other 
(“PDBBind + Resolve", or “both") is the best-performing 
model from "Effect of different datasets" section. After 
optimization, the “both" model remained the good per-
formance in terms of QED score, PoseBuster validity and 
strain energy (Table  7). Additionally, the “both" model 
achieved significant lower mean docking score (Table 8). 
These results collectively confirm the consistent superi-
ority of SemlaFlow model trained on both PDBBind and 
Resolve datasets.

Appendix B: Binding mode coherency

A successful model should be able to generate diverse 
structural motifs while keep consistent binding modes 
with the native ligand. To study the poses distribution, 
we analyzed the interaction and scaffold similarities of 
the molecules generated by our best-performing model 
against their native ligands (Fig. 5) using two descripitors: 
the ECFP4 fingerprint (1024 bit) Tanimoto similarity 
and the interaction fingerprint similarity [10]. The result 

Table 7  Molecule quality metrics for the SemlaFlow model

QED quantitative estimate of drug-likeness, PBR PoseBuster pass ratio, BNR better-than-native ratio, Valid: validity ratio, S. Energy strain energy, #HB. hydrogen bond 
count, Int.R interaction recovery ratio

Method QED PBR (%) BNR (%) Valid (%) # HB S. Energy Int.R (%)

SPINDER 0.46± 0.21 49.6 5.1± 12.9 94.10 2.86± 2.83 4.90± 3.34 54.8± 20.0 

SPINDER + Opt 0.46± 0.21 76.7 7.1± 15.6 94.10 2.66± 2.68 1.74± 4.50 51.5± 21.1 

PDBBind + Resolve 0.59± 0.18 46.7 6.8± 15.4 93.66 2.37± 2.24 4.21± 3.80 53.6± 18.8 

PDBBind + Resolve + Opt 0.59± 0.18 75.1 9.9± 19.6 93.66 2.19± 2.14 1.55± 5.01 50.0± 19.5 

Table 8  Docking score evaluation for the SemlaFlow model

VR < 0 negative vina score ratio, GR < 0 negative docking score ratio, VS vina score, GS glide score (mean docking score)

Method VR < 0 (%) GR < 0 (%) VS GS

SPINDER 87.36 44.49 0.12± 27.78 −3.93± 3.88 

SPINDER + Opt 95.60 67.56 −2.17± 22.35 −3.10± 6.21 

PDBBind + Resolve 79.70 43.54 0.49± 28.91 −3.45± 5.14 

PDBBind + Resolve + Opt 92.59 72.94 −2.57± 21.11 −4.49± 3.06 
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demonstrated that the generated ligands successfully 
adopt diverse scaffolds while maintain similar interact-
ing patterns, with interaction similarity scores centered 
around 40%.

Appendix C: Chemical properties evaluation

To further validate the drug-likeness of generated mol-
ecules, we did a more rigorous analysis of their physico-
chemical properties shown (Fig.  6). All three models in 
"Effect of different datasets" section produced ligands 
that satisfied the Ghose filter [26]. Moreover, the distri-
butions of the evaluated properties for the generated 
molecules were concentrated within ranges similar to 
those of the PDBBind training set.

Appendix D: Glide score analysis

We took a deeper distributional assessment of the Glide 
scores for our generated molecules, focusing on 11 rep-
resentative protein systems (Fig.  7). The specific targets 
were chosen to reflect the model’s performance across a 
diverse range of pockets, spanning from weak to strong 
native Glide scores. The results indicate that both the 
PDBBind and “both" models, as described in "Effect of 
different datasets" section, can generate adequate can-
didate ligands with acceptable docking score (<-5 kcal/
mol) across various targets. However, the “both" model 
achieved lower overall Glide scores across most of the 
evaluated systems.

Appendix E: Validity ratio for each target protein

The overall validity ratio is significantly influenced by 
extreme structural outliers within the test set. Figure  8 
illustrates the per-system validity ratio of our best-per-
forming model (“both") across the PDBBind test set. The 
heterogeneity of this test set introduces unique chal-
lenges for de novo generation. Specifically, the test set 
includes targets bound with non-standard native ligands, 
such as peptides and α-GalCer analogues, as well as bind-
ing pockets of extreme sizes ( Natom > 500 or < 120 ). 
Generating molecules for these systems fall outside the 
intended application of the current generative model, 
resulting in suboptimal performance for these specific 
targets.

Appendix F: Co‑folding of generated ligands with Boltz‑2
Co-folding methods such as AlphaFold 3 [38] and Boltz-2 
[53] have attracted substantial interest. These models, 
building upon the original AlphaFold [38], take protein 
sequence and ligand SMILES (or other binder descrip-
tors), and predict the structure of the protein-binder 
complex jointly. We stress that these models solve a 

Fig. 5  Two-dimensional distribution of scaffold and interaction 
similarities with native ligands
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fundamentally different task compared to those discussed 
here, namely pose (and potentially affinity) prediction vs. 
ligand design. To design new ligands with a co-folding 
method, it must be combined with an external ligand 
selection method such as virtual screening of a library 
or indeed a SMILES-based generative model [66]. These 
approaches typically require many thousands of infer-
ence calls against the large co-folding model, compared 
to direct generation afforded by pocket-conditioned 

generative models. While fair comparisons of the qual-
ity of results obtained by these different methods remain 
scarce, such a survey is unfortunately outside the scope 
of this work. However, we were interested to spot check 
the difference in pose quality obtained with our pocket-
conditioned generative methods compared to a co-fold-
ing approach.

To this end, we co-folded the six ligands visualized in 
Fig. 2f with their respective targets using Boltz-2 (https://​

Fig. 6  Overall chemical property distributions for molecules generated by three models

https://github.com/jwohlwend/boltz
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github.​com/​jwohl​wend/​boltz). We sampled 5 structures 
per complex using inference-time potentials, 3 recycling 
steps and 200 sampling steps. We selected the structures 
to analyze with the highest combined complex IPTM and 
confidence scores for each protein-ligand combination. 
Since Boltz-2 does not predict hydrogen atoms, we added 
them to the output poses using the same logic as in our 
hydrogen-free model ("Effect of incorporating hydrogen 
atoms during training" section).

An immediate issue with the comparison is that co-
folding methods can and do place the ligand in a differ-
ent pocket compared to the pocket generation method. 
For all PDB 6N9L structures, Boltz-2 consistently placed 
the ligand outside and above the original pocket, spa-
tially separated from the original co-crystalzied binder, 
and also predicted a significantly different protein fold 
compared to the deposited structure which makes com-
parison of binding challenging (Fig.  9c). For PDB 6IQL, 
Boltz-2 consistently placed the ligand in the intended 
pocket, sometimes close to the pose we generate (Fig. 9a) 
and sometimes flipped the orientation inside the pocket 
(Fig. 9b).

We should point out that, without experimental veri-
fication, disambiguation of the correct binding mode is 
very challenging (if the proposed ligands binds at all). We 
can at least assess the geometric correctness of the ligand 
via strain energy and binding plausibility via the dock-
ing score and number of hydrogen bonds with the target. 
Considering 6IQL, we find that across the poses we stud-
ied, all metrics were generally comparable between the 
models, indicating similar geometric quality (Table 9).

Fig. 7  Glide score distributions for 11 representative protein targets. The native ligand’s Glide scores are labeled for each target. The blue line 
indicates the average Glide score for ligands in the PDBBind training set. Mean and standard deviation values are labeled in black lines for each 
system

Fig. 8  Validity ratio among different targets in PDBBind test set

https://github.com/jwohlwend/boltz
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