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Knowledge-guided diffusion model for 3D
ligand-pharmacophore mapping
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Jing-Wei Wu 1, Yi-Ting Chen 1, Biao-Dan Tang 1, Xiang-Gen Liu 2 &
Guo-Bo Li 1

Pharmacophores are abstractions of essential chemical interaction patterns,
holding an irreplaceable position in drug discovery. Despite the availability of
many pharmacophore tools, the adoption of deep learning for
pharmacophore-guided drug discovery remains relatively rare. We herein
propose a knowledge-guided diffusion framework for ‘on-the-fly’ 3D ligand-
pharmacophore mapping, named DiffPhore. It leverages ligand-
pharmacophore matching knowledge to guide ligand conformation genera-
tion, meanwhile utilizing calibrated sampling to mitigate the exposure bias of
the iterative conformation search process. By training on two self-established
datasets of 3D ligand-pharmacophorepairs, DiffPhore achieves state-of-the-art
performance in predicting ligand binding conformations, surpassing tradi-
tional pharmacophore tools and several advanced docking methods. It also
manifests superior virtual screening power for lead discovery and target
fishing.UsingDiffPhore,we successfully identify structurally distinct inhibitors
for human glutaminyl cyclases, and their binding modes are further validated
through co-crystallographic analysis. We believe this work will advance the AI-
enabled pharmacophore-guided drug discovery techniques.

Artificial intelligence (AI) is permeating various critical stages of drug
discovery, holding immense potential to revolutionize the drug dis-
covery process and profoundly change the current landscape of drug
discovery1–3. In recent years, AI has made considerable advancements
in lead discovery and optimization, target identification, and pre-
clinical/clinical investigations4,5. Especially in structure-guided drug
discovery, deep learning (DL) algorithms can efficiently accomplish
several core tasks such as binding pose generation, binding affinity
prediction, and molecular generation6–12. Currently, there are three
main DL methods for binding pose generation with protein structure
constraints: predicting ligand translation, rotation, and torsion to
recover binding modes (e.g., DiffDock13 and EquiBind14), employing
gradient decent to predict protein-ligand distance matrices (e.g.,
TANKBind15), and adopting E(n)-equivariant graph neural network to
iteratively update the movement and position of ligand atoms (e.g.,

KarmaDock16 and E3Bind17). For structure-guided molecular genera-
tion, several DL algorithms have also been well-established recently,
including TargetDiff18, ResGen19, SurfGen20, and PockeFlow21, some of
which have undergone successful validations in discovering new hit/
lead compounds. The learning capabilities of these DL methods are
typically enhanced by incorporating sufficient samples or integrating
knowledge such as the complementary principles of protein-ligand
recognition.

Pharmacophores, as abstractions of critical chemical interactions,
provide alternative means to depict the principles of protein-ligand
complementary. Compared with structure-guided methods, pharma-
cophores possess unique, concise, and position-inclusive features,
along with directional matching patterns. Consequently, they are
widely employed in practical drug discovery, especially in the early
stages of the process22. Despite the availability of several widely-used
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pharmacophore-based drug discovery tools (e.g., AncPhore23, PhDD24,
PHASE25, Catalyst26, and Pharao27, Pharmit28), DL-enabled pharmaco-
phore-guided drug discovery technologies remain relatively rare, with
only a few instances reported to date. For example, PGMG imple-
mented pharmacophore-guided molecular generation by establishing
latent variables to address many-to-many (non-3D) mapping between
pharmacophores and molecules29. PharmacoNet utilized DL techni-
ques tomodel pharmacophores fromprotein structures, coupledwith
a graph-matching algorithm, ultimately achieving effective
pharmacophore-based virtual screening30. The sluggish progress in DL
technologies for pharmacophore-guided drug discovery involves
multiple factors, including the absence of high-quality datasets and
sophisticated algorithms capable of efficiently capturing sparse phar-
macophore features.

By enhancing our previously developed anchor pharmacophore
tool, AncPhore23, we created two datasets (CpxPhoreSet and Lig-
PhoreSet) of 3D ligand-pharmacophore pairs, incorporating 10
pharmacophore feature types and exclusion spheres. CpxPhoreSet,
derived from experimental protein-ligand complex structures, con-
tains real but biased ligand-pharmacophore mapping (LPM) scenar-
ios. In contrast, LigPhoreSet, generated from energetically favorable
ligand conformations by considering both pharmacophore and
ligand diversity, covers a broader range of perfectly-matched
ligand–pharmacophore pairs. The complementary characteristics
of these two datasets enable the development of efficient DL models
for LPM and other pharmacophore-based tasks (e.g., de novo design
and structural optimization).

Adhering to the ligand-pharmacophore matching principles, we
propose DiffPhore, a pioneering knowledge-guided diffusion frame-
work for “on-the-fly” 3D LPM. Themain concept behind DiffPhore is to
utilize the LPM knowledge to guide the conformation generative
process, meanwhile leveraging calibrated sampling to reduce the
exposure bias inherent in diffusion models. Specifically, DiffPhore
consists of three main modules: knowledge-guided LPM encoder,
diffusion-based conformation generator, and calibrated conformation
sampler. The LPM encoder extracts the ligand-pharmacophore
matching principles based on type and directional alignment, effi-
ciently representing the mapping relationships between 3D ligands
and pharmacophores. Based on these LPM representations, the
diffusion-based conformation generator processes the ligand-
pharmacophore matching information and estimates the directions
for conformation denoising. The calibrated sampler adjusts the con-
formation perturbation strategy to narrow the discrepancy between
the training and inference phases, aiming to enhance sample
efficiency.

In this work, we evaluate DiffPhore on two independent datasets,
PDBBind test set and PoseBusters31 set, and observe that it outper-
forms traditional pharmacophore tools and several advanced docking
methods in predicting binding conformations. Further assessments on
the DUD-E database32 and the IFPTarget library33 highlight DiffPhore’s
effectiveness in virtual screening for both lead discovery and target
fishing. We then apply DiffPhore for virtual screening of human glu-
taminyl cyclases, promising drug targets for neurodegenerative dis-
eases and cancer immunotherapy34–37, successfully identifying
structurally distinct inhibitors. Co-crystallographic analysis reveals
consistency between the binding conformations of these inhibitors, as
observed in complex crystal structures, and those predicted by
DiffPhore.

Results
The complementary datasets of 3D ligand-pharmacophore pairs
To promote the development of pharmacophore-based DL methods,
we released two datasets of 3D ligand-pharmacophore pairs,
CpxPhoreSet and LigPhoreSet. They were constructed using
AncPhore23 by considering 10 types of pharmacophore features (as

shown in Supplementary Fig. 1), including hydrogen-bond donor (HD),
hydrogen-bond acceptor (HA),metal coordination (MB), aromatic ring
(AR), positively-charged center (PO), negatively-charged center (NE),
hydrophobic (HY), covalent bond (CV), cation-π interaction (CR),
halogen bond (XB), along with steric constraints represented by
exclusion spheres (EX). CpxPhoreSet comprises 15,012 ligand-
pharmacophore pairs derived from experimental protein-ligand
complex structures, each containing 3–15 pharmacophore features.
To better represent a wider space of LPM patterns, we established a
sophisticated protocol to derive ligand-pharmacophore pairs from 3D
ligand structures (Fig. 1a); it involves Bemis–Murcko scaffold filtering,
fingerprint similarity clustering, 3D conformation generation, phar-
macophore generation and sampling, and exclusion sphere addition
(see details inMethods). Startingwith 11.48million ligands from the In-
Stock subset of ZINC20, we ultimately obtained 280,096 representa-
tive ligands and 840,288 corresponding ligand-pharmacophore pairs,
collectively forming LigPhoreSet.

By performing t-SNE analysis on the dimensionality-reduced
ECFP4 descriptors of the ligands, we observed that the ligands in
LigPhoreSet exhibit a broader chemical diversity compared to those in
CpxPhoreSet (Fig. 1b, Supplementary Fig. 2 and Supplementary
Table 1). Meanwhile, LigPhoreSet displays greater diversity in phar-
macophore features and a roughly comparable ccurrence frequencyof
pharmacophore feature type, in contrast to CpxPhoreSet (Fig. 1c and
Supplementary Table 2). These attributes, combined with perfect-
matching ligand-pharmacophore pairs, make LigPhoreSet suitable for
developing DL algorithms to capture generalizable LPM patterns
across a broad chemical and pharmacophoric space. By comparison,
CpxPhoreSet contained imperfectly-matched ligand-pharmacophore
pairs with fitness scores ranging from 0.5 to 1.0, averaging 0.967
(Fig. 1d). It can be used to refine the model for understanding the real-
world biased LPMs and recognizing the induced-fit effects of ligand-
target interactions. Therefore, we employed LigPhoreSet for the initial
warm-up phaseofmodel training andCpxPhoreSet for the subsequent
refinement stage.

An overview of the knowledge-guided diffusion framework
DiffPhore
DiffPhore is a knowledge-guided diffusion framework designed to
generate 3D ligand conformations that maximally map to a given
pharmacophore model (Fig. 2a). Essentially, DiffPhore incorporates
pharmacophore type and direction matching rules to guide the
alignment between ligand conformations and pharmacophoremodels
(Fig. 2b). It comprises threemainmodules, namely, knowledge-guided
LPM encoder, diffusion-based conformation generator, and calibrated
conformation sampler.

The knowledge-guided LPM encoder module encodes ligand
conformation and pharmacophore model as a geometric hetero-
genous graph Gt = ðGl, t ,Gp,GlpÞ composed of a ligand conformation
graph Gl, t , a pharmacophore graph Gp, and a full-connected bipartite
graph Glp that represents ligand conformation-pharmacophore rela-
tions. The explicit pharmacophore-ligand mapping knowledge,
including rules for pharmacophore type and direction matching, are
incorporated into Glp. This is achieved by integrating the pharmaco-
phore fingerprints, orientations, and reference angles of all ligand
atoms, as well as the types and directions of all pharmacophore fea-
tures (Fig. 2b; see details in Methods and Supplementary Methods).
The pharmacophore type matching vectors Vlp are obtained by
aligning each ligand atomwith all pharmacophore features onebyone,
which is expedited using pharmacophore fingerprints. Similarly, the
pharmacophore direction matching vectors Nlp are derived by com-
puting thediscrepancybetween the intrinsic orientationof each ligand
atom and the direction of each directional pharmacophore feature
(HA, HD, MB, etc). Leveraging these knowledge-guided encodings, the
encoder captures the essence of the alignment between ligand
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conformations and pharmacophores, resulting in a robust repre-
sentation of LPM.

The diffusion-based conformation generator module takes the
LPM representations as input, and estimates the translation (Δr),
rotation (ΔR), and torsion (Δθ) transformations for the ligand con-
formation at each step (see details in Methods and Supplementary
Fig. 3). Crucially, the generator employs a score-baseddiffusionmodel,

parameterized by an SE(3)-equivariant graph neural network, to
uncover the deep geometric features of ligand conformations, phar-
macophores, and most importantly, their mapping relationships. This
allows for conformation exploration that is informed by both the 3D
chemical structure and pharmacophore model. During training, the
ground truth ligand conformation is perturbed by applying random
transformations sampled fromcorrespondingdiffusionkernels at time
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Fig. 1 | The datasets of 3D ligand-pharmacophore pairs. a The construction
protocol for LigPhoreSet (see details in Methods section). b The t-SNE plots of
ligands’ ECFP4 (1024-bit) fingerprints and pharmacophore counts reveal that Lig-
PhoreSet covers wider chemical and pharmacophoric spaces compared with
CpxPhoreSet. The ECFP4 fingerprints were processed by PCA (with random_-
state=2024 and n_component = 50) for dimensionality reduction before the t-SNE
analysis. The t-SNE analysis was performed with the following hyperparameters:
n_component = 2, perplexity = 30, n_iter = 5000, random_state = 2024.

c LigPhoreSet shares similar occurrence frequency of pharmacophore feature with
CpxPhoreSet. d Distribution of the fitness scores (i.e., Df Score1; see Methods) of
ligand-pharmacophore pairs from CpxPhoreSet (n = 15,012) and LigPhoreSet
(n = 840,288). The boxes represent data distribution with center lines showing
medians, box limits indicating the 25th and 75th percentiles, and whiskers
extending to 1.5 times the interquartile range from the lower and upper quartiles.
Source data are provided as a Source Data file.
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t 2 0, 1½ �, which are then fed into the network as input. The con-
formation generator is subsequently tasked with predicting the gra-
dients of the diffusion kernels (i.e., α, β, and γ), which can be used to
estimate the actual transformations (Δr,ΔR,Δθ) to recover the ligand
towards original conformation x0 (Supplementary Fig. 3). During the
conformation generation phase, the generator can gradually refine the
ligand conformations until it theoretically aligns maximally with the
pharmacophore model.

The auto-regressive conformation generation process faces the
issue of exposure bias because the computations performed during
the inference phase differ from those during the training phase of the
conformation generator. During the training phase, the generator
takes the perturbed conformation of the ligand as input, whereas
during the inference phase, it receives the predicted conformation as
input instead. Since the predicted conformations cannot ensure gen-
eration quality, any prediction error in the last step accumulates,
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leading to a significant bias in the final generation, especially within
large 3D conformation spaces. To address this issue, we proposed a
calibrated conformation sampler to narrow the generation dis-
crepancy between the training and inference processes (Fig. 2c; see
details in Methods and Supplementary Table 3). In the training pro-
cess, the calibrated conformation sampler mimics the inference
computations and adopts a pseudo conformation to feed into the
generator instead of the former perturbed ground truth. In this man-
ner, the conformation generator undergoes a consistent training and
inference process, reducing the exposure bias and enhancing the
generation quality. In practical model training, we employed the cali-
brated conformation sampler for refinement training on CpxPhoreSet
after an initial warm-up training on LigPhoreSet.

Our ablation experiment results indicated that removing either
feature typematching or directionmatching decreases the accuracy of
binding conformation prediction (Supplementary Table 4), under-
scoring the importance of incorporating pharmacophore-specific
knowledge for enhancing model performance. In terms of training
schemes, skipping the warm-up training with LigPhoreSet led to
reduced conformation prediction accuracy (Supplementary Table 5).
Notably, excluding refinement training with CpxPhoreSet resulted in a
substantial drop inprediction accuracy, demonstrating the critical role
of learning from real-world ligand-pharmacophore matches. Addi-
tionally, omitting the calibrated conformation sampler impaired the
model’s predictive capability (Supplementary Table 5). These results
highlight the importance of integrating pharmacophore mapping
knowledge, conformation sampling, and the complementary use of
LigPhoreSet and CpxPhoreSet datasets.

DiffPhore enables accurate prediction of ligand binding
conformations
In this section, we assessed the capability of DiffPhore in generating
ligand binding conformations. We selected two traditional pharmaco-
phore programs, AncPhore andMOE, combinedwith two conformation
generation tools, Openbabel (OB) and Conformator (CF), as baseline
comparisons. MOE is recognized as one of the state-of-the-art phar-
macophore tools, while AncPhore is selected for parallel comparison
because it employs identical pharmacophore definitions as those used
in DiffPhore. We here employed Df Score1 (see Methods) to rank the
generated poses of DiffPhore, as it effectively reflects the quality of the
generated poses (Supplementary Fig. 4). To ensure a fair comparison
between DiffPhore and the baselines, we evaluated them on two inde-
pendent test sets (PDBBind test set and PoseBusters set), and employed
the same number of input initial conformations in each evaluation.

We observed that with 40 initial conformations, DiffPhore
achieved a high top-1 success rate (73.82%) in generating the con-
formations with RMSD less than 2Å on PDBBind test set, and a 67.13%
success rate with only 10 initial conformations, substantially out-
performing AncPhore and MOE regardless of the conformation gen-
eration methods (Fig. 3a and Table 1). The superior predictive
capability and minimal impact of the number (and diversity) of initial
conformations, at least partly, indicates that DiffPhore effectively
reduces local optimum issues during the conformational space search.
Similarly, DiffPhore exhibited a substantially higher success rate in
binding pose prediction than AncPhore and MOE on PoseBusters
(Fig. 3b and Table 1). Notably, DiffPhore showed comparable perfor-
mance when evaluated on the subsets of new proteins from the
PDBBind test set and PoseBusters set, which were excluded from the
training datasets (Fig. 3c). This partly reflects that DiffPhore captures
the underlying principles of ligand-pharmacophore mapping, rather
than merely memorizing the training samples.

Subsequently, PoseBusters validity tests were carried out to
assess the chemical and physical plausibility of the predicted binding
poses, measured by the “%RMSD< 2Å & PB-Valid”& “%RMSD< 2Å and
PB-Valid (without protein)” metrics. Compared with the baseline

methods, DiffPhore achieved high success rates for plausible poses on
PDBBind test set, with “%RMSD< 2Å & PB-Valid” at 31.80% and “%
RMSD< 2Å & PB-Valid (without protein)” at 72.48%; similarly, on the
PoseBusters set, it recorded 53.68% and 86.70%, respectively (Sup-
plementary Table 6). Analysis of the energy ratios of the top-1 pre-
dicted conformations versus the ground truth ones revealed that the
DiffPhore-generated conformations have relatively lower conforma-
tional energies compared to those predicted by AncPhore and MOE
(Fig. 3d, e). Additionally, the bond lengths, angles, and dihedral angles
of DiffPhore-generated conformations displayed distributions closely
resembling those of the ground truth poses (Supplementary Figs. 5–7).
These results clearly indicate that DiffPhore can produce chemically
and energetically reasonable conformationswhilemaintaining optimal
mapping to the given pharmacophore models.

Next, four open-accessmolecule docking tools—AutoDock Vina38,
Uni-dock39, SMINA40, GNINA41—were selected for comparison; all these
docking tools were evaluated under a pocket-given situation. Diff-
Phore outperformed the tested traditional docking tools and had
comparable performance to the recently reported advanced DL-based
docking tools KarmaDock16 and SurfDock42 on the PDBBind test set,
albeit without a speed advantage (Table 1 and Supplementary Fig. 8).
Notably, DiffPhore generated more intramolecularly plausible con-
formations than the docking tools, as evidenced by the “%RMSD< 2Å
& PB-Valid (without protein)” metric in Supplementary Table 6, while
maintaining comparable effectiveness in handling protein clashes.

Given that ligand flexibility and pharmacophore complexity are
known to influence the predictive accuracy and speed of pharmaco-
phore tools, we further explored how these factors affect the perfor-
mance of DiffPhore. Here, AncPhore was chosen for comparison
because it uses the same pharmacophore definitions and input files as
DiffPhore. It can be observed that as molecular complexity increases,
the success rate of conformation prediction decreases for both Diff-
Phore and AncPhore (Fig. 4). However, DiffPhore shows a notable
advantage over AncPhore in handling more flexible compounds. For
compounds with fewer than 47 heavy atoms or 19 rotatable bonds,
DiffPhore achieved a success rate of ~80% (Fig. 4a, b). Regarding
pharmacophore complexity, it manifested superior predictive cap-
ability for pharmacophores with 3 to 12 features (Fig. 4c). Unlike
AncPhore, whose prediction speed is significantly affected by ligand
flexibility and pharmacophore complexity, DiffPhore demonstrates
resilience to these factors, only experiencing a modest reduction in
speed when handling more flexible ligands (Supplementary Fig. 9).
DiffPhore’s robust performance reflects the advancements and
sophistication of our established datasets and knowledge-guided dif-
fusion framework.

DiffPhoremanifests superior screeningpower for leaddiscovery
and target fishing
The robust performance of DiffPhore in generating binding con-
formations enables it to serve as a core engine for virtual screening in
lead discovery and target fishing tasks. To examine its screening ability
for lead discovery, we selected 28 structurally and mechanistically
different targets, includingmetalloenzymes, from theDUD-E dataset32,
by considering the specificity of pharmacophore models and the
impact of anchor pharmacophore features in practical drug discovery.
Among the selected targets, half are exclusive to the training set, while
the other half overlap with it. For all these targets, the corresponding
pharmacophore models (Supplementary Table 7) were established by
comparing multiple complex crystal structures; notably, they all
exhibited typical anchor pharmacophore features that frequently
occur across multiple structures and/or are important for natural
substrate binding or catalysis. To fully leverage the advantage of
DiffPhore in virtual screening, we proposed four different fitness
scorings (Dfscore1 to Dfscore4; see “Methods”) to evaluate the ligand-
pharmacophore matching. AncPhore, MOE, and four docking tools
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(AutoDock Vina, Uni-dock, SMINA, and GNINA) were chosen for
comparison. To provide a more comprehensive comparison, we
referenced the data for additional docking and re-scoring methods,
whose screening power on these targets has been evaluated43.

The fourfitness scores ofDiffPhoreexhibited similar performance
across different metrics (Fig. 5a–f). DiffPhore shows a superior ability
to distinguish between active and decoy ligands, as evidenced by the
AUROC metric, which surpasses traditional pharmacophore tools
including AncPhore and MOE, and is comparable to the leading
docking tools including RFscore-VS, Glide SP, and EquiScore (Fig. 5a,
d). Regarding the BEDROC metric, a similar trend was observed, with
the exception that MOE shows performance comparable to DiffPhore
(Fig. 5b, e). Notably, all four DiffPhore fitness scores exhibited
strengths in terms of enrichment factors at 0.5% and 1%, closely
approaching the performance of MOE while surpassing AncPhore and
nearly all docking tools (Fig. 5c, f and Supplementary Fig. 10). This
highlights DiffPhore’s excellent ability to prioritize active molecules
according to the given pharmacophore model, which is intrinsically
related to the essence of pharmacophoremethods. Importantly, when
comparing performance on overlapping and non-overlapping targets

from the training set, DiffPhore showed no obvious differences in the
metrics such as AUROC, BEDROC, and enrichment factors at 0.5% and
1% (Fig. 5a–f and Supplementary Fig. 10). This partly reflects the
advantage of the pharmacophore methods in addressing the chal-
lenges of target preferences and the generalizability to unseen pro-
teins that are often faced by DL-based docking tools. In comparison,
the success rate of pharmacophore-based virtual screening is closely
tied to the quality of defined pharmacophoremodels (i.e., whether the
pharmacophore models accurately represent key target information).
Theoretically, incorporating multiple pharmacophore models in vir-
tual screening could potentially increase enrichment factors and
enhance overall hit rates and chemical diversity.

As reported, the DUD-E dataset poses challenges for evaluating
virtual screening methods due to the inherent biases44,45. Analog bias
occurs when actives for a given target share similar scaffolds, creating
recognizable patterns that DL models can easily exploit. Decoy bias,
often introduced by selection criteria that prioritize dissimilarity to
actives, can also be leveraged by models, leading to false positives.
Although theDUD-Ebias cannotbeavoided inour evaluations,DiffPhore
primarily performs the task of matching ligands to the pharmacophore

Table 1 | Comparison of DiffPhore and other methods on the time-split PDBBind test set and the PoseBusters set

Dataset Methoda Top-1 RMSD (Å) Top-5 RMSD (Å) Runtime (s)b

%<1 %<2 Med. %<1 %<2 Med.

Time-split PDBBind
test set

AncPhore(10, OB) 7.71 18.46 8.47 10.47 21.21 6.40 11.61

AncPhore(40, OB) 11.02 24.24 5.39 14.04 31.13 4.11 48.23

AncPhore(10, CF) 15.43 23.14 8.03 16.80 28.10 6.45 31.40

AncPhore(40, CF) 18.73 32.51 5.56 22.58 38.84 4.04 53.51

MOE(10, OB) 11.29 36.36 3.03 15.70 44.90 2.21 3.88

MOE(40, OB) 16.25 41.05 2.47 23.42 50.96 1.93 8.06

MOE(10, CF) 20.39 42.42 2.51 27.00 53.72 1.76 25.20

MOE(40, CF) 22.31 52.62 1.77 32.78 63.09 1.44 28.14

Uni-dock 17.63 34.16 4.00 26.17 47.93 2.14 3.97

Glide SP* 17.36 44.63 2.27 31.13 60.06 1.54 -

GNINA 20.11 42.42 2.55 25.62 55.92 1.68 84.95

SMINA 17.63 29.48 4.19 23.14 45.18 2.29 122.63

AutoDock Vina 17.20 30.32 4.40 21.57 45.48 2.22 67.93

KarmaDock* - 56.20 - - - - -

SurfDock* 40.96 68.41 1.18 54.18 75.11 0.94 -

DiffPhore(10) 25.35 67.13 1.48 36.77 79.11 1.21 6.97

DiffPhore(40) 34.82 73.82 1.26 49.3 80.78 1.01 27.51

PoseBusters AncPhore(10, OB) 22.20 37.38 3.14 24.53 46.03 2.27 21.50

AncPhore(40, OB) 26.17 46.73 2.12 29.44 56.07 1.59 83.69

AncPhore(10, CF) 27.57 48.60 2.16 33.41 53.97 1.67 24.55

AncPhore(40, CF) 35.28 57.01 1.54 44.16 65.19 1.25 77.82

MOE(10, OB) 12.38 37.15 2.60 17.76 52.57 1.92 3.21

MOE(40, OB) 18.93 43.46 2.32 25.00 57.94 1.75 10.55

MOE(10, CF) 20.79 50.47 1.99 29.21 63.08 1.55 7.47

MOE(40, CF) 26.87 58.18 1.73 37.85 67.29 1.32 13.64

Uni-dock 16.35 34.96 3.72 23.83 45.56 2.23 3.41

GNINA 34.35 61.21 1.44 42.99 81.07 1.13 12.99

SMINA 27.10 49.30 2.03 36.45 66.36 1.35 14.09

AutoDock Vina 26.87 46.03 2.47 33.64 62.38 1.49 14.61

DiffPhore(10) 37.29 82.19 1.20 51.78 92.87 0.98 4.40

DiffPhore(40) 44.42 87.89 1.05 67.22 96.67 0.76 19.51
a “*”means data from references16,42. “-” indicates unavailable data. The numbers in parentheses for DiffPhore, AncPhore, andMOE represent the number of initial conformations. The abbreviations
following the numbers in the parentheses denote the conformation tools for evaluation, where ‘OB’ refers to Openbabel and ‘CF’ refers to Conformator. The best and the second-best results are
highlighted in bold and underlined, respectively.
bAlthough allmethodswere testedon the sameoperating systemandhardware, the runtimes presentedhere arenot directly comparable due todifferences in processingdevices: DiffPhore, GNINA,
and Uni-dock utilized GPUs, while the other methods relied on CPUs. The time taken by conformation generation was included for AncPhore and MOE.
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models, allowing for appropriate feature-matching deviations, which
fundamentally distinguishes it apart from docking methods. We used
four different fitness scores to assess the virtual screening performance
of DiffPhore, which likely helps mitigate the impact of database bias.
Overall, DiffPhore achieves comprehensive and balanced performance
across all metrics, indicating its potential as a promising tool for
pharmacophore-based virtual screening in lead discovery.

We next evaluated the screening ability of DiffPhore in target fish-
ing using the IFPTarget library, which contains 2842 unique targets and
11,890 complex structures33. To better accommodate the target fishing
tasks, we employed Df Score5, which is specifically designed to reduce
the impact of the number of pharmacophore features on target ranking
(seeMethods).We selected 4OH-Tamoxifen for testing due to its known
binding to more than 12 different targets. DiffPhore outperformed
AncPhore in target ranking, achieving an average percent rank of 12.03%,
and demonstrated comparable or slightly superior performance relative
to the tested docking methods (Fig. 5g). We observed a notable limita-
tion of DiffPhore for certain targets such as human fibroblast col-
lagenase,mainly due to that the derived pharmacophoremodels cannot
represent these targets. The findings indicate that appropriate phar-
macophore representations are crucial for DiffPhore to achieve effective
virtual screening, whether for lead discovery or target fishing.

DiffPhore identifies lead compounds for human glutaminyl
cyclases
Human secretory glutaminyl cyclase (sQC) and Golgi-resident gluta-
minyl cyclase (gQC), responsible for N-terminal pyroglutamation for

multiple protein substrates, are attractive therapeutic targets for var-
ious human diseases, including neurodegenerative diseases and
cancers34–37. Based on the reaction pathway of sQC-catalyzed pyr-
oglutamation of the tripeptide substrate NH2-Gln-Phe-Ala-CONH2

(QFA), we constructed a pharmacophoremodel derived from its initial
binding mode for virtual screening using DiffPhore against about 1.4
million compounds from the Vitas-M library (seeMethods). We picked
15 structurally distinct top-ranked compounds (using Df Score1) for
experimental verification. Of them, 7 displayed inhibitory activity
against sQC and gQC with IC50 values less than 100μM (Supplemen-
tary Table 8 and Supplementary Fig. 11). Compounds 5 and 13 mani-
fested IC50 of 6.94μM(Ki = 6.71μM) and 3.44μM(Ki = 3.33μM) to sQC,
and 15.73μM (Ki = 15.31μM) and 3.93μM (Ki = 3.82μM) to gQC,
respectively. Notably, both compounds exhibited the ability to ther-
modynamically stabilize both sQC (ΔTmof 4.98 °C for 5 and 7.05 °C for
13) and gQC (ΔTm of 2.06 °C for 5 and 5.50 °C for 13) proteins (Fig. 6a).

Through co-crystallization studies, we obtained the crystal
structures of sQC in complex with 5 and 13 (Supplementary Tables 9,
10). ClearmFo -DFc electron density was observed in the active site for
both structures, enabling confident modeling of 5 and 13 (Fig. 6b, c,
Supplementary Fig. 12). Compound 5 is positioned to coordinate with
the active site Zn2+ (N3-Zn2+ distance of 2.2 Å), make a hydrogen bond
with the catalytic triad Asp248 (N1-OD2 distance of 2.8 Å), two hydro-
genbondswithGln304 (N1’-O2distance of 2.9Å, andO3’-NHdistanceof
3.6 Å), and face-to-face π-π stacking interactions with Trp207 (Fig. 6b).
Compound 13makes a coordination bond with Zn2+ (N3-Zn2+ distance
of 2.0Å), a hydrogen bond with Asp248 (N1-OD2 distance of 2.7 Å), and
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Fig. 5 | The DiffPhore screening power for lead discovery and target fishing.
Comparison of different DiffPhore scoringswith othermethods in virtual screening
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overlapping targets using the metrics AUROC, BEDROC, and EF0.5%. Boxes are
ranked based on their mean values, indicated by triangle markers. The “*” symbol
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value < 0.05, n = 14) between the baseline and DiffPhore (Df Score1). Exact p values
are provided in the Source Data file. The boxes represent data distribution with

center lines showing medians, box limits indicating the 25th and 75th percentiles,
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upper quartiles. AUROC area under the receiver operating characteristic curve,
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Source Data file.
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water-bridging interaction with Glu202 and Gln304 (Fig. 6c). Super-
imposing these structures with the sQC:QFA analog structure (PDB
code 6YI1)46 reveals that both compounds, especially 5, closely
resemble QFA analog binding with sQC (and gQC) through similar
pharmacophore features, notably in zinc coordination and hydrogen-
bonding interactions with catalytically important residues (Fig. 6d, e,
Supplementary Fig. 13, and Fig. 14). These results highlight the effec-
tiveness of DiffPhore in pharmacophore-guided lead discovery.

Discussion
Pharmacophore and molecular docking methods are both funda-
mentally based on the principles of receptor–ligand recognition, but
they are implemented in entirely different ways. Molecular docking
captures a wide array of receptor-ligand interactions, considering the
full spectrum of possible contacts. In contrast, pharmacophores distill
these interactions down to their most essential features, focusing on
the abstracted representation and precise matching of key
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interactions, including directional alignment. The pharmacophore
approach sidesteps the complexity of less significant interactions,
providing a streamlined and efficient mode for drug discovery. More
importantly, pharmacophore can avoid the target preference issue
often encountered in traditional or DL-based molecular docking
methods. Therefore, developing DL-enabled pharmacophore tech-
nologies is a promising direction. DiffPhore stands as the pioneering
DL model for the LPM task, potentially acting as a catalyst for advan-
cing this kind of technologies.

Since there are no standardized datasets for constructing DL-
based pharmacophore models, we established LigPhoreSet and
CpxPhoreset by considering 10 types of pharmacophore features and
exclusion spheres. The combined use of these two datasets has been
demonstrated to develop high-quality models for the LPM task. Cer-
tainly, these datasets will be useful for developing additional DL
models for other tasks, such as molecular generation. Moreover, our
proposed protocol for constructing ligand-derived datasets may
inspire the creation of more robust and comprehensive datasets,
driving progress in pharmacophore-guided drug discovery.

InDiffPhore, the pharmacophoreprinciples havebeen elaborately
fused into neural networks to search for ligand binding conformations
according to a given pharmacophore model. This approach greatly
enhances the efficiency of conformation search and reduces the like-
lihood of combinatorial explosion, which is especially beneficial for
highly flexible ligands, as observed in the test results. The knowledge-
guided diffusion-based framework, which focuses on 3D transforma-
tions rather than the generation of absolute atomic coordinates, can
produce more chemically plausible and energetically favorable con-
formations. The proposed calibrated conformation sampler proved
effective in resolving the discrepancies between training and inference
stages and mitigating the model exposure issues in diffusion models.
Notably, DiffPhore shows robust performance in generating binding
conformations even for unseen proteins, reflecting, at least in part,
that it has learned the essential principles of ligand-pharmacophore
matching rather than merely memorizing the training data.

In practical application, we utilized DiffPhore to implement a
substrate-mimicking strategy (i.e., deriving pharmacophore models
from catalytic reaction pathways), and successfully discovered struc-
turally distinct inhibitors for the clinically important metalloenzymes
sQC/gQC. Co-crystallographic analysis revealed that the binding
modes of the inhibitors closely resemble that of the sQC/gQC sub-
strate, especially concerning anchor pharmacophore features such as
zinc coordination and hydrogen bonding with the catalytically
important residues. This case study clearly reveals that DiffPhore,
equipped with precisely defined pharmacophore models, can effi-
ciently discover high-quality lead compounds. It also highlights the
unique advantage of pharmacophore models in identifying metal-
loenzyme inhibitors involving metal coordination.

The encouraging performance of DiffPhore in predicting binding
conformations and conducting virtual screening highlights the
advancements of our proposed datasets and knowledge-guided dif-
fusion-based framework. Further development of algorithms is war-
ranted to improve computational efficiency and accuracy, to address
differences in bond lengths and dihedral angles arising from con-
formational changes, to consider intramolecular interactions (e.g.,
intramolecular hydrogen bonds), as well as to tackle conformational
prediction challenges posed by more complex ligands (e.g., macro-
cyclic structures).

Methods
Dataset construction
We constructed two 3D ligand-pharmacophore pair datasets,
CpxPhoreSet and LigPhoreSet, for LPM learning, by using the
enhanced version of AncPhore23. CpxPhoreSet was established by
analyzing a total of 19,443 protein-ligand complex structures collected

in PDBBind (version 2020)47,48. We followed a time-split scheme14 and
divided PDBBind into train (16,379 entries), validation (968 entries),
and test (363 entries) sets. The train and validation set were used to
establish the CpxPhoreSet and the remaining test set was used for
performance evaluation. For each complex structure, AncPhore was
used to generate one pharmacophore model considering 10 pharma-
cophore feature types (HD, HA, MB, AR, PO, NE, HY, CV, CR, and XB)
and exclusion spheres (EX) according to protein-ligand interactions.
Thesemodels with less than 3 features andmore than 15 features were
disregarded. The retained pharmacophore models, along with ligand
conformations, constituted the CpxPhoreSet, encompassing a total of
15,012 ligand–pharmacophore pairs.

We started LigPhoreSet construction with ~11.48 million ligands
(with molecular weights less than 800 and LogP less than 5) obtained
from the In-Stock subset of the ZINC20 database49 (downloaded in
May, 2023). After removing duplicates, multiple components, and
unidentifiable SMILESs using theRDKit software, the remaining ligands
were clustered based on Bemis–Murcko scaffold50 rules. From each
ligand cluster, a representative ligand was randomly chosen. These
selected ligands underwent further filtration based on Morgan
fingerprint51 similarity (with a radius of 2) to ensure a broad but non-
redundant diversity of ligand chemotypes. Then, each of these filtered
ligands generated a corresponding, energetically favorable 3D con-
formation using the RDKitMMFF forcefield. Next, the pharmacophore
models for all ligand conformations are generated as follows: (1)
generating initial pharmacophore models by considering 10 pharma-
cophore feature types (identical to those used for CpxPhoreSet) for all
3D ligand conformations; (2) retaining the pharmacophore models
bearing at least 2 features among MB, HA, HD, AR, NE, or PO; (3)
sampling three pharmacophoremodelswith different pharmacophore
feature combinations for each ligand conformation; (4) generating
exclusion spheres as steric constraints via a pseudo-receptor manner,
with exclusion spheres introduced around the ligand conformation at
distances ranging from 3Å to 5 Å. We finally obtained a version of
LigPhoreSet comprising 840,288 ligand-pharmacophore pairs derived
from 280,096 ligands. To facilitate initial model training and hyper-
parameter search, we randomly extracted a subset from LigPhoreSet,
containing 84,030 samples and 28,010 ligands.

Problem formulation
Generally, the 3D ligand-pharmacophore mapping (LPM) task is to
identify a reasonable ligand conformation that maximally matches
with a given pharmacophore model. Given the 3D structure of the
pharmacophore Gp and an initial ligand conformation Gl , the LPM
model predicts a ligand conformation that satisfies the pharmaco-
phore constraints.

bGl =Model Gp,Gl

� �
ð1Þ

where Gp, Gl and bGl represent the 3D representations of the input
pharmacophore model, the input ligand conformation and the gen-
erated ligand conformation, respectively. The generated ligand con-
formation bGl shares the same chemical structure with Gl and only
differs in conformation.

The LPM problem treated by diffusion-based generative
modeling
To solve the LPM problem, we need to approximate the conditional
probability density of ligand binding conformation PðbGl jGp,GlÞ. In
general, the gradient of the probability density ∇PðbGl jGp,GlÞ is called
the score function. Song and Ermon introduced score-based gen-
erativemodeling to learn this score function fromdata and to generate
samples with Langevin dynamics52. Given an initial sample bGl, 0 from
any prior distribution πðbGl, 0Þ (e.g., Gaussian distribution), Langevin
dynamics is incorporated to perform denoising using the following
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iterative update:

bGl, t = bGl, t�1 + ϵ∇ log P bGl, t�1jGp,Gl

� �
+

ffiffiffiffiffi
2ϵ
p

zt , 1≤ t ≤T ð2Þ

where ϵ is the step size and T is the number of iterations. zt is the
sample noise from N ð0, 1Þ. bGl, 0 =Gl is the input ligand conformation
and bGl,T = bGl is the predicted ligand conformation. Under certain
modest conditions53,54, and with sufficiently small step size ϵ and large
T , the distribution of bGl,T will approximate the true distribution of
ligand binding conformation PdataðG*

l jGp,GlÞ, where G*
l represents an

optimal ligand conformation.
In this paper, we proposed a score-based diffusion model

DiffPhore, to iteratively generate the ligand conformation bGl .
Specifically, the denoising probability can be formulated as
PσðGl, t jG*

l ,GpÞ=N ðGl, t jG*
l , σ

2IÞ given the ligand structure G*
l . Gl, t

stands for the perturbed data point at step t. Thus, the perturbed data
distribution PσðGl, t jGp,GlÞ=

R
PdataðG*

l jGp,GlÞPσðGl, t jG*
l ÞdG*

l . We con-
sider a sequence of decreasing noise scales σt

� �T
t = 1 (σ1>σ2> . . .>σT).

DiffPhore introduces a score network52,55 CFGeneratorðGl, t ,Gp, tÞ to
estimate the score function at each noise level σt . Thus, the training
loss of this score network is

L=
1
T

XT
t = 1

σ2
tEPdata

EPσt
Gl, t jG*

lð Þ jjCFGenerator Gl, t ,Gp, σt

� �
� ∇ logPσt

Gl, t jG*
l

� �
jj

h i
ð3Þ

As for the generation stage, DiffPhore sequentially performs T
steps of Langevin MCMC to obtain a reasonable ligand conformation
mapped with the given pharmacophore.

bGl, t = bGl, t�1 + ϵt�1CFGeneratorðbGl, t�1,Gp,σt�1Þ+
ffiffiffiffiffiffiffiffiffiffiffi
2ϵt�1

p
zt , 1 ≤ t ≤ T

ð4Þ

Where ϵt�1 is the step size at t � 1. In the next section, we will explain
the detailed implementations of the above generative modeling
framework.

DiffPhore architecture
To iteratively generate reasonable ligand conformations given the
pharmacophore, DiffPhore adopts the following three main compo-
nents, including a knowledge-guided LPM representation encoder
(LPMEncoder), a conformation generator (CFGenerator), and a cali-
brated conformation sampler (CCSampler). As the input of the score
network, the LPM representation leverages pharmacophore principles
to characterize 3D mapping relationships of the ligand conformation-
pharmacophore pairs. The conformation generator takes LPM repre-
sentations as inputs to iteratively search ligand conformations to fit
with a pharmacophore model, continuing until the maximum align-
ment is achieved. The calibrated conformation sampler is designed to
eliminate the exposure bias of the iterative conformation search
process.

Knowledge-guided LPM representations
Accurately representing LPMs is the prerequisite for successfully per-
forming the task of fitting ligand conformations to pharmacophores.
We proposed a heterogenous geometric graph Gt to characterize
LPMs in the 3D space,

Gt = LPMEncoder Gl, t ,Gp

� �
= Gl, t ,Gp,Glp

n o
ð5Þ

where Gl, t = fVl , xt, El , Vlg is a ligand graph at the t-th step,

Gp = Vp, xp, Ep, Vp

n o
is a pharmacophore graph, and Glp is a bipartite

graph (Fig. 2b; see details in SupplementaryMethods). Vl and xt stand
for the ligand atoms and their 3D coordinates. El represents the

covalent bonds as well as unbonded edges within 5 Å in the ligand. Vp

and xp represent the pharmacophore points and their 3D coordinates,
respectively. Ep denotes the connections between each pair of
pharmacophore features, and connections of each exclusion sphere
to the nearest pharmacophore point in Vp. Vl = fvij i, j 2 V l

�� g and

Vp = fvj0k0 j0, k0 2 Vp

��� g are vectors connecting the neighboring nodes in

Gl and Gp, respectively.

The bipartite graph Glp = fVl ,Vp, Elp, Vlp, Nlpg is exploited to
describe the ligand-pharmacophore matching relations, where Elp

connects each ligand atom to all the pharmacophore feature points,
Vlp = fvij0 i 2 Vl , j

0 2 Vp

��� g and Nlp = nij0 i 2 Vl , j
0 2 Vp

���n o
are the pharma-

cophore type and direction matching vectors, respectively. We detail
the featurization and implementation of Gl, t , Gp and Glp in Supple-
mentary Methods.

Diffusion-based conformation generator
Given the LPMrepresentationsGt at random time t, the generator aims
to predict the conformations x̂t�Δt at the former step, given by

x̂t�Δt =CFGenerator Gt , t
� 	 ð6Þ

Since the degrees of freedom in 3D coordinates are significantly
higher than needed, the ligand conformation here is represented by a
combination of translations, rotations, and changes to torsion angles.
The ligand conformation space can be formulated as an
m+6ð Þ-dimensional submanifold,m is the number of rotatable bonds,
and 6 refers to the roto-translations13. More specifically, the ligand
conformation space can be formally defined as:

g = ðr, R,θÞ 2P ð7Þ

P=T3 × SO 3ð Þ× SO 2ð Þm ð8Þ

xt�Δt =A r, R,θð Þ, xt
� 	

=Atr r,Arot R,Ator θ, xt
� 	� 	� 	 ð9Þ

whereP is the product space of 3D translation groupT3, 3D rotation
group SO 3ð Þ and changes in torsion angles SO 2ð Þm, A stands for the
total transformation with respect to an element g = ðr, R,θÞ in the
product space P, and Atr ,Arot ,Ator refer to the actual translation,
rotation, and torsion angle transformations. To reduce the prediction
complexity, we formulate the prediction task as the learning of the
change directions (or scores) in the ligand translation (α), rotation (β),
and torsion angles (γ) instead:

α,β, γ=CFGenerator Gt , t
� 	 ð10Þ

αt ,βt , γt  ∇ptr
t Δr0!tj0
� 	

,∇prot
t ΔR0!tj0
� 	

,∇ptor
t Δθ0!tj0
� 	 ð11Þ

The scores (α,β, γ) correspond to the gradient estimates of the
translation (ptr

t ), rotation (prot
t ) and torsion angle (ptor

t ) diffusion ker-
nels, which followGaussiandistribution, IGSO(3) distribution56 and the
wrapped normal distribution57, respectively. The corresponding gra-
dients (e.g., ∇ptr

t Δr0!tj0
� 	

can be easily calculated in advance13.
The SE(3)-equivariant conformation generator comprises the

embedding, update, and output modules (Supplementary Fig. 3a).
The update module consists of L message-passing layers, each with
intra- and inter-graph update layers. The intra-graph layer extracts
the topological features of the ligand and the pharmacophore
separately; the inter-graph layer performs the feature fusion between
two graphs, establishing deep representations of the ligand-
pharmacophore interactions. Finally, the output module predicts
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the change directions in the ligand translation (α), rotation (β), and
torsion angles (γ).

Initially, the embedding module processes input ligand and
pharmacophore graphs as well as cross-edges between them, and
integrates the random diffusion time (t) into the graph features
(Supplementary Fig. 3b; see details in Supplementary Methods). This
yields the initial embeddings for ligand (h0

l , el) pharmacophore
(h0

p , ep) and cross edges (elp). Since all the computations of the
conformation generator correspond to a specific step, we omit the
notation t for the subsequent features for simplicity.

h0
l , el ,h

0
p , ep, elp = Embedding Gt , t

� 	 ð12Þ

Next, the updatemodule iteratively refines the initial embeddings
via message passing layers (Supplementary Fig. 3c), with each layer
comprising intra-graph and inter-graph updates. Intra-graph updates
computemessages (ml, i�intra andmp, j0�intra, Eqs. 13–15) to incorporate
the information of internal topological structure within each graph.
Theupdates are computed as tensor products of thenode features and
the spherical harmonic representations of neighboring edge vectors,
weighted by the edge embedding eij , the outgoing hj and the incoming
node features hi.

ml, i�intra =TPl!l hl�1
l, i , Vl , el

� �
ð13Þ

mp, j0�intra =TPp!p hl�1
p, j0 , Vp, ep

� �
ð14Þ

TP hi, V, e
� 	

=BN
1
N i

�� �� X
j2N i , vij2V

Y ðvijÞ � ϕðeij ,hi,hjÞhj

0@ 1A ð15Þ

In the formulas, TP denotes the tensor products layer,
N i = fjj i, jð Þ 2 El or Epg stands for neighbor nodes and Y is the sphe-
rical harmonic. BN refers to the batch normalization, ϕ stands for a
MLP layer, and � refers to tensor product operation.

The inter-graph layer simulates the ligand-pharmacophore
recognition and alignment with the constructed bipartite graph
Glp. The pharmacophore type and direction matching vectors are
incorporated for the calculation of the inter-graph updates (ml, i�inter ,
mp, j0�inter) via similar tensor product layers (Eqs. 16–17). The intra-
and inter-graph messages are aggregated to update ligand (hl

l) and
pharmacophore (hl

p) node embeddings (Eqs. 18–19). All tensor pro-
duct layers here are implemented using the ‘Full-
yConnectedTensorProduct’ layer from the E3NN package (see details
in Supplementary Methods).

ml, i�inter =TPp!l, type hl�1
l, i , Vlp, elp

� �
+TPp!l,direction hl�1

l, i , Nlp, elp
� �

ð16Þ

mp, j0�inter =TPl!p, type hl�1
p, j0 , Vlp, elp

� �
+TPl!p,direction hl�1

p, j0 , Nlp, elp
� �

ð17Þ

hl
l, i =h

l�1
l, i +ml, i�intra +ml, i�inter ð18Þ

hl
p, j0 =h

l�1
p, j0 +mp, j0�intra +mp, j0�inter ð19Þ

Finally, the outputmodule receives the updated ligand featureshL
l

to predict the translation, rotation, and torsion scores w.r.t their dif-
fusion kernels. The translation and rotation are rigid transformations
operating on the center of mass of the ligand so that edges between

ligand atoms and the center of mass Eca are constructed to compute
the corresponding scoresα,βwith tensor product layer. Here,ψ,ϕ are
MLP layers, and μð�Þ denotes radical bias embedding of edge length.
The vector vca stands for the 3D vectors from the center ofmass to the
ligand atom a.

α,β =
1
Vl

�� ��X
a2Vl

Y vca
� 	� ϕ eca,h

L
l,a

� �
hL
l,a ð20Þ

eca =ψ μ jjvcajj
� 	� 	 ð21Þ

To estimate the torsion score γ, the output layer focuses on the
rotatable bonds and the adjacent atoms to predict the corresponding
changes in torsion angles. For the torsion score γr of the rotatable r,
the output layer performs the tensor product operation between the
bond features and the adjacent atom features, given by

γr =
1
N r

�� �� X
b2N r

Tr vrb
� 	� ϕ erb,hr ,h

L
b

� �
hL
b ð22Þ

erb =ω μ jjvrbjj
� 	� 	 ð23Þ

hr =CONCAT hrin
,hrout

h i� �
ð24Þ

Tr : = Y
2 vr
� 	� Y vrb

� 	 ð25Þ

where N r is the set of ligand atoms connected with the rotatable
bonds. Tr is a convolutional filter constructed for each rotatable bond
r calculating the tensor product of the spherical harmonic repre-
sentation of the bond axis vr (Y

2 here means max level is 2) and the
vector vrb from bond center of r to the atom b.ω refers to aMLP layer,
hr stands for the feature of the rotatable bond r formed by the
involved node features of the incoming node hrin

and the outgoing
node hrout

.
The loss function (Ldif f phore) of DiffPhore consists of three com-

ponents corresponding to the translation, rotation and torsion diffu-
sion kernels:

Ldif f phore = jjα� α0jj2 + jjβ� β0jj2 + jjγ� γ0jj2 ð26Þ

where α0,β0, γ0 are the precomputed labels in the training dataset. In
this way, the loss function (Ldif f phore) enforces the conformation gen-
erator to estimate the denoising directions at each step.

Calibrated conformation sampler
Due to the auto-regressive generation fashion, diffusion models
usually suffer from the exposure bias, which is caused by the input
mismatch between the training and the inference phases. In particular,
the conformation generator in the training process takes a perturbed
conformation xt as input and the corresponding scores (αt,βt, γt) as
the labels. By contrast, the conformation generator is fed with the
predicted conformation x̂t during the inference process. To narrow
the discrepancy between the training and inference phases, we pro-
posed a calibrated conformation sampler, whichmimics the inference
process to construct pseudo ligand conformations (ext) and corre-
sponding scores (eαt,

eβt,eγt) for model training (see details in Supple-
mentary Table 3 and Supplementary Methods). The pseudo ligand
conformations are estimated based on the denoised data points by
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DiffPhore and thus alleviating the exposure bias problem.

CCSampler Gl , t
� 	

=
xt, αt,βt, γt
� 	

if p> Pepochext, eαt,
eβt,eγt� �

if p ≤ Pepoch

8<: ð27Þ

Pepoch =pmax 1� μ

μ+ exp c�epoch
μ

� �
0@ 1A ð28Þ

p � Unið½0, 1�Þ ð29Þ

However, solely relying on these calibrated data points for the
model training is infeasible, as the quality of them is inferior to the real
data points. Therefore, we utilized an epoch-dependent possibility
scheduler to sample the calibrated data as inputs with the probability
Pepoch and real data points with the probability (1� Pepoch). During the
training process, the sampling probability Pepoch starts from a small
value and gradually increases along with the increment of the training
epoch as shown in Eq. 28. where pmax,μ, c are hyperparameters (Sup-
plementary Table 11) that balance the utilization of the two types of
training data.

The detailed algorithms of LPMEncoder, CFGenerator, and
CCSampler, and the model training details can be found in Supple-
mentary Methods and the source codes.

Pharmacophore fitness scorings
To leverage the advantages of DiffPhore in different virtual screening
scenarios, we introduced four fitness scorings to evaluate the degree
of the alignment between the generated ligand conformations and the
reference pharmacophoremodel. Df Score1 is a basic scoring function
considering pharmacophore feature alignment and exclusion sphere
collision, which is calculated using an in-situ max-matching approach
as provided in Eqs. 30–32:

Df Score1 =
Voverlap

V ref
�MIN

VoverlapEX

ϵ
, 1


 �
ð30Þ

Voverlap =
Xn

i= 1
CiWiλi f θð Þ exp �d2

i, L�i,P
σi, L + σi,P

 !
ð31Þ

f θð Þ=
cos θ� θ0

� 	
For HA,HD and MB

j cos θð Þj For AR

1 For other f eatures

8><>: ð32Þ

where Voverlap represents the total overlap volume between the ligand
conformation pharmacophore features (L) and the reference phar-
macophore features (P). It is calculated as the sumof individual feature
overlap volume, considering scaling factors (Ci), basic weights (Wi),
chemical group weights (λi), directional differences (f ðθÞ), tolerance
ranges (σi, L,σi,P), the distance of the match pharmacophore pair
(di, L�i,P). θ0 is set as 0 (the number of root atoms equals 1) or π

3 (the
number of root atoms larger than 1). Vref represents the total volume
of the reference pharmacophore features. VoverlapEX denotes the sum
of volumes where the ligand atoms overlap with reference exclusion
volumes. ϵ is a maximum tolerance for ligand clashing with pharma-
cophore, set to 500. Df Score1 is adopted as the default fitness score
for DiffPhore.

Building upon Df Score1, Df Score2 includes a bias factor that
accounts for the percentage ofmatched pharmacophore feature pairs,
with the aim to consider the tolerance of pharmacophore features. It is
calculated by Eq. 33, where n is the number of matched

pharmacophore pairs and Nref is the total number of reference phar-
macophore features. Here, two pharmacophore features are regarded
as amatched pair if the distance between them is less longer than their
tolerance range.

Df Score2 =0:5*Df Score 1 +0:5*
n

Nref
ð33Þ

Recognizing the significance of anchor pharmacophore features
in protein-ligand recognition and practical drug discovery23, we
introduced Df Score3 to specifically measure the alignment of anchor
pharmacophore features:

Df Score3=0:5*Df Score1 + 0:5*
VoverlapAnchor

VAnchor
ð34Þ

where VAnchor is the total volume of the anchor features in reference
pharmacophoremodel.VoverlapAnchor is the sumof volumes accounting
for the ligand pharmacophore features overlapping with the reference
anchor features.

Taking all the factors into consideration, we also proposed a
comprehensive fitness score Df Score4:

Df Score4=
Df Score1 + n

Nref
+

VoverlapAnchor

VAnchor

3
ð35Þ

In addition, Df Score5 is specifically designed for target fishing. It
further considers the extent to which the number of ligand’s phar-
macophore features matches the number of pharmacophore features
representing the target.

Df Score5 =Df Score1*
n

Nref +Nmol � n ð36Þ

where Nmol is the count of molecule pharmacophore features.

Baseline setup and implementation
The conformation generation tools, including OpenBabel (version
2.4.1) andConformator (version 1.2.1),were obtained from their official
websites. We utilized the official “AutoPH4” plugin to perform phar-
macophore modeling in MOE (version 2020.09) and employed the
“Compute | Pharmacophore | Search” functionality for ligand-
pharmacophore alignment. The aligned poses in MOE are ranked
using the default “rmsdx” metric.

The open-access docking programs, including AutoDock Vina,
Uni-dock, SMINA, and GNINA, were implemented following their offi-
cial source code repositories and instructions. We utilized the “pre-
pare_receptor” and “prepare_ligand” scripts in ADFR toolkit for
AutoDock Vina, GNINA, and SMINA to prepare the PDBQT files of
protein and ligand structures. As for Uni-dock, its official “uni-
docktools”was employed. To define the conformation search area, we
used a box of 20Å×20Å×20Å centered on the ligand in complex
crystal structure for AutoDock Vina and Uni-dock, and utilized the
“--autobox_ligand” option with default buffer range (4 Å) for SMINA
and GNINA. The number of binding conformations was set to 10 for all
docking baselines, with other parameters kept at their default settings.

All these calculations were performed on a Linux Rocky 9.2
operating system, utilizing Intel(R) Xeon(R) Platinum 8378C CPU @
2.80GHz and NVIDIA RTX 4090 GPU.

Evaluation metrics
The metrics including Root Mean Square Deviation (RMSD),
PoseBusters test validity (PB-Valid), Boltzmann-Enhanced Discrimina-
tion of Receiver Operating Characteristic (BEDROC), Enrichment Fac-
tor (EF), and Area Under the Receiver Operating Characteristic Curve

Article https://doi.org/10.1038/s41467-025-57485-3

Nature Communications |         (2025) 16:2269 14

www.nature.com/naturecommunications


(AUROC), were used for performance evaluations (see details in Sup-
plementary Methods).

Case study: human glutaminyl cyclases
We used DiffPhore to conduct virtual screening for identifying
potential inhibitors for sQC and gQC by employing a substrate-
mimicking strategy. First, the bindingmode of the tripeptide substrate
NH2-Gln-Phe-Ala-CONH2 (QFA) with sQCwas obtained via ourQM/MM
calculations. Then,we constructed thepharmacophoremodeling from
the calculated sQC:QFA complex structure to represent the key
binding features of QFA with sQC (Supplementary Fig. 13). Given the
pharmacophore model, we then utilized DiffPhore to screen potential
hit compounds for sQC against the commercial Vitas-M compound
library (https://vitasmlab.biz/) with about 1.4 million compounds
available for quick purchase. To efficiently screen the large compound
library, we implemented a pharmacophore fingerprint filtering
approach, which evaluates thematching context based on the number
and types of pharmacophore features, without accounting for their 3D
alignment. A pharmacophore fingerprint similarity cutoff of 0.6 was
set. To this end, we identified 91,229 ligands from the Vitas-M com-
pound library for subsequent screening by DiffPhore (20 poses gen-
erated for each ligand). Through manual inspection, we picked
15 structurally distinct compounds from the top-ranked hits with
Df Score1 for experimental verification.

sQC/gQC/PGP-1 protein expression and purification
We followed the protocols from our previous study58 for the expres-
sion and purification of human sQC (amino acids 33-361), gQC (amino
acids 53-382), and the auxiliary enzyme PGP-1 (amino acids 1-215) (see
details in Supplementary Methods).

sQC/gQC/PGP-1 inhibition activity assays
All compounds were tested for their inhibitory activity on sQC, gQC,
and PGP-1 in the assay buffer (25mM Tris-HCl, 150mM NaCl, 10% gly-
cerol, pH 8.0) as described previously58 (see details in Supplementary
Methods). All determinations were tested in triplicate.

Thermal shift assays
The sQC or gQC enzymes (5μM) were first incubated with test com-
pounds (50μM) or a vehicle at room temperature for 20minutes in
Tris-HCl buffer (25mM Tris-HCl, 150mM NaCl, 10% glycerol, pH 8.0).
Then, the SYPROORANGE dye (10× concentration) was added, and the
fluorescence was promptly quantified using a fluorescence quantita-
tive PCR instrument. The temperature was incrementally increased
from 30 to 95 °C, rising by 1 °C per cycle. The resulting fluorescence
intensity versus temperature was analyzed using GraphPad Prism to
determine the melting temperature (Tm) values.

Co-crystallization, data collection, and analysis
The hanging-drop vapor diffusion method was employed for co-
crystallization experiments. The purified sQC proteins (8mg/mL) were
incubated with 5/13 (3.9mM) on ice for 2 h and then centrifuged at
15,777 × g for 10min to remove insolublematerials. Crystals were grown
under the condition: 12−16% (v/v) polyethylene glycol 4000, 0.2M
MgCl2 and 0.1MTris-HCl at pH 8.5. The protein solution wasmixedwith
the reservoir solution at a 1:1 ratio. The crystals were cryoprotected with
the mother liquor supplemented with 30% (v/v) glycerol prior to har-
vesting. Data collection was performed at the BL18U1 beamline at the
Shanghai Synchrotron Radiation Facility. The diffraction data were
processed using XDS59 or AutoXP60, followed by structural determina-
tion with PHENIX61 and WinCoot62. We utilized the existing crystal
structure of sQC (PDB code 3PBB) as the template in the molecular
replacement step. The crystal structures of sQC:5 (PDB code 9ISD) and
sQC:13 (PDB code 9IVV) are available in the Protein Data Bank.

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

Data availability
The LigPhoreSet and CpxPhoreSet datasets for training and evaluation
are available in Zenodo63 (https://doi.org/10.5281/zenodo.14819917).
The PDBBind set is available at http://pdbbind.org.cn. The PoseBusters
set is available at https://zenodo.org/record/8278563. TheDUD-E set is
available at http://dude.docking.org. The ZINC database is available at
https://zinc20.docking.org. The crystal structure of sQC used as the
template in structural determination is available in the Protein Data
Bank under the accession code 3PBB. Crystallographic data for sQC:5
and sQC:13 reported in this study are available in Protein Data Bank
under the accession codes 9ISD and 9IVV. The crystal structure of
sQC:QFA analog used for structure comparison is available in Protein
Data Bank under the accession codes 6YI1. Source data is provided
with this paper as a Source Data file.

Code availability
The source code is available in Zenodo64 (https://doi.org/10.5281/
zenodo.14818730), GitHub repository65 (https://github.com/VicFisher/
DiffPhore) and our project website (https://diffphore.ddtmlab.org).
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