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PUBLIC SUMMARY

= PocketGPT uses protein pocket and functional information to guide controllable molecule design.
= |tintegrates pocket context, molecular properties, fragments, and interactions to enrich promising candidates.

= A prospective poly(ADP-ribose) polymerase 1 (PARP1) study yielded an antitumor nanomolar inhibitor.
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Structure-based molecular generation has become increasingly prominent
in drug discovery; however, many generated binders still fail to satisfy the
physicochemical and functional constraints required for pharmacological
viability. Here, we present PocketGPT, a pocket-conditioned generative
framework that demonstrates structure-aware molecular generation can be
effectively enabled without explicit three-dimensional ligand construction,
by jointly conditioning protein pocket context and medicinal-chemistry
constraints during generation. By co-conditioning physicochemical prop-
erty targets, fragment priors, and protein—ligand interaction fingerprints,
PocketGPT enables structure—function co-generative control, allowing
directional modulation of drug-like properties while partially retaining bind-
ing-relevant interaction patterns across diverse targets. In a prospective
design—make—test campaign targeting poly(ADP-ribose) polymerase 1
(PARP1), PocketGPT identified a novel inhibitor with nanomolar binding
affinity (K; = 4.88 nM) and favorable tolerability in mice. Together, these
results demonstrate that joint structural and pharmacological conditioning,
embedded directly in the generative process, constitutes a viable and
controllable representation for structure-aware molecular generation, offer-
ing a complementary pathway to geometry-first approaches for producing
experimentally actionable chemical matter.

INTRODUCTION

The discovery of clinically viable small-molecule therapeutics remains a
fundamentally inefficient and costly process, characterized by high attrition
rates driven by challenges in efficacy, selectivity, and developability.™ Despite
sustained advances in medicinal chemistry and computational modeling,
identifying compounds that simultaneously achieve strong target engage-
ment, favorable pharmacological properties, and translational feasibility
continues to represent a central bottleneck in drug discovery. Recent
progress in generative artificial intelligence has renewed interest in de novo
molecular design as a means to accelerate early-stage drug discovery.*®
Early generative approaches predominantly focused on ligand-based drug
design (LBDD), learning statistical regularities from known bioactive
compounds to propose novel analogues.”* While effective within well-char-
acterized chemical spaces, such methods inherently lack explicit structural
context and therefore face limitations when extrapolated to novel protein
targets or unexplored binding environments.'” Structure-based drug design
(SBDD) partially addresses this limitation by conditioning molecular genera-
tion on protein structures or binding pockets, enabling target-specific explo-
ration.'**

A broad class of recent SBDD methods—including autoregressive graph-
based models’’ and three-dimensional diffusion”””* generators—explicitly
model ligand—pocket™ complementarity and have achieved impressive
geometric fidelity.””” However, geometric plausibility alone does not guaran-
tee pharmacological viability.***" Molecules that are sterically compatible with
a binding pocket may remain chemically unstable, synthetically inaccessible,
or insufficiently selective, often necessitating extensive downstream filtering,
rescoring, or redesign.* Conversely, approaches that emphasize molecular
properties or fragment-level priors may compromise the spatial precision
required for high-affinity binding.™* This recurring tension highlights a

persistent challenge in generative drug design: reconciling structural compat-
ibility with the implicit, multi-dimensional constraints imposed by medicinal
chemistry. A fundamental question then arises as to whether binding-rele-
vant structural and functional constraints can be enforced during molecular
generation without explicitly constructing three-dimensional ligand geome-
tries.

Importantly, this limitation reflects a representation-level mismatch
between the objectives optimized during molecular generation and the crite-
ria ultimately used to evaluate translational viability. Many structure-based
generative frameworks prioritize geometric complementarity as the primary
organizing principle, while pharmacological considerations are frequently
enforced only after candidate structures have been constructed. As a result,
chemical validity, synthetic feasibility, and interaction specificity™*’ are
treated as secondary constraints to be retrofitted, rather than emerging
coherently during generation, which can limit robustness under realistic multi-
constraint design settings.

In this work, we argue for a complementary generative formulation in
which medicinal chemistry logic is incorporated directly into the generative
process rather than applied as a post hoc correction. Under this formulation,
molecular design is framed as a conditional generation problem in which
structural context and pharmacological constraints are jointly interpreted
during sequence construction.”** Crucially, explicit three-dimensional ligand
geometries need not be generated; instead, binding-relevant structural
patterns can arise implicitly from learned chemical regularities conditioned on
pocket context. Based on this perspective, we introduce PocketGPT, a struc-
ture-aware molecular generation framework that models ligand design as
conditional chemical language generation. PocketGPT integrates protein
pocket information with multiple drug design constraints—including physico-
chemical properties, fragment priors, and protein—ligand interaction patterns—
directly within a unified generative process. By learning these constraints
jointly rather than reconciling them after structure generation, PocketGPT
enables modular and composable control over molecular design while
remaining compatible with structure-based discovery workflows.

We evaluate PocketGPT across representative structure-conditioned
generation tasks, demonstrating its ability to balance geometric compatibility
with chemically meaningful constraint satisfaction. Through systematic anal-
yses of controllability, constraint interaction, and performance under increas-
ing constraint complexity, we characterize how semantic conditioning
reshapes the distribution of generated molecules. Finally, in a prospective
application targeting poly(ADP-ribose) polymerase 1 (PARP1), PocketGPT
identified potent and selective inhibitors that were subsequently validated in
biochemical and cellular assays, providing experimental evidence that
embedding medicinal chemistry logic as a generative prior can yield biologi-
cally actionable chemical matter.

RESULTS
An overview of the PocketGPT framework for structure—function—aware
molecular generation

A central challenge in structure-based molecular generation is to learn a
molecular design distribution that remains responsive to protein pocket
context while simultaneously satisfying medicinal-chemistry objectives, with-
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out relying on explicit three-dimensional ligand coordinate construction.
Rather than treating structural awareness and pharmacological optimization
as two sequential steps, PocketGPT formulates molecular generation as a
unified conditional modeling problem, in which protein pocket information
and downstream design requirements are embedded directly into the gener-
ative process as structured control variables (Figure 1).

Formally, PocketGPT learns an autoregressive conditional distribution over
molecular sequences, in which ligand generation is conditioned on a hetero-
geneous set of signals comprising pocket-level structural representations,
physicochemical property targets, fragment-level pharmacophoric priors, and
protein—ligand interaction fingerprints. Specifically, the model aims to learn
D (X|Coockets Corops Cirag Cip)» Where x denotes the molecular token sequence and
the conditioning variables jointly specify the desired structural and functional
design regime. Importantly, different constrained generation tasks were
implemented as different conditioning settings of the same trained model,
rather than as independently trained task-specific models. Pocket-only, prop-
erty-controlled, fragment-conditioned, interaction-conditioned, and fully
conditioned generation were obtained by activating the corresponding subset
of conditioning variables while keeping the Transformer backbone and
semantic-fusion architecture unchanged. The technical difficulty of this
setting lies in the fact that these control signals differ substantially in modal-
ity, scale, sparsity, and semantic granularity: pocket descriptors encode
continuous  structural context derived from voxelized three-dimensional
pocket geometry, property targets are low-dimensional numerical
constraints, fragment annotations introduce discrete chemical priors, and
interaction fingerprints provide sparse relational cues associated with bind-
ing patterns. A naive fusion of these inputs can easily impair controllability,
destabilize generation, or dilute target-specific structural information.

To address this challenge, PocketGPT adopts a modality-aware condition-
ing architecture in which each control source is first encoded through a dedi-
cated projection module and mapped into a shared latent space with aligned
dimensionality. The resulting embeddings are then integrated into a unified
semantic conditioning representation, which is prepended to the molecular
token sequence as a prefix embedding and used to condition the Trans-
former backbone during autoregressive decoding.***’ This prefix-based
design enables heterogeneous structural and functional constraints to influ-
ence the hidden state trajectory from the earliest generation steps, allowing
the model to learn a joint conditional distribution over molecules under
composable and potentially competing design objectives, thereby reducing
reliance on purely post hoc filtering or hard-constrained search.

The model is optimized in two stages to separate generic molecular
language acquisition from target-aware conditional alignment. Large-scale
pretraining on drug-like molecules establishes a broad chemical prior,
capturing syntactic regularities and general patterns of chemically valid
composition. Subsequent fine-tuning on protein—ligand complexes aligns
this prior with pocket-specific structural semantics and medicinal-design
signals, thereby transforming a general molecular language model into a
controllable generator conditioned on biologically grounded design context.
Because all control variables are introduced as continuous semantic prompts
rather than explicit geometric supervision, PocketGPT operates entirely in the
SMILES domain while retaining the capacity to integrate diverse sources of
structural and pharmacological information within a single generative frame-
work.

Directional semantic responses to isolated structural and functional
conditioning

A long-standing question in structure-based molecular generation is
whether binding-relevant structural and functional semantics can be acti-
vated through conditioning signals alone, without explicit geometric
construction. To examine whether PocketGPT satisfies this criterion, we
systematically evaluated its generative behavior under single-condition
structural and functional prompts, without combining multiple objectives or
applying post hoc filtering.

Pocket-derived structural context induces binding-relevant energetic
shifts. Structural complementarity between a ligand and its binding pocket is
a prerequisite for productive molecular recognition. To assess whether Pock-
etGPT can leverage pocket geometry as a conditioning signal—rather than as
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an explicit generative objective—we evaluated its performance on a held-out
benchmark of 100 diverse protein—ligand crystal structures whose proteins
and binding pockets were excluded from structure-conditioned fine-tuning.

We quantified the global impact of pocket conditioning by comparing
molecules generated with pocket context against those produced under
unconditioned generation. As shown in Figure 2A, the inclusion of pocket-
derived semantic context resulted in a pronounced leftward shift in the dock-
ing score distribution. The mean docking score improved from -6.24 under
the unconditioned baseline to -8.33 with pocket conditioning, indicating
substantial enrichment of energetically favorable candidates. Docking
scores®™ were used exclusively as a coarse proxy for binding-relevant
geometric compatibility and were not optimized during training or generation.
This analysis was used to assess whether the geometry-derived pocket
embedding translated into shape-compatible generated molecules after
docking-based pose evaluation.

Across the benchmark set, pocket conditioning consistently improved “<
predicted binding energetics: 81% of targets exhibited lower average docking
scores relative to the unconditioned baseline (Figure 2B), and 87 of 100
targets showed statistically significant improvements. Comparable trends
were observed when de novo generated molecules were evaluated against
biologically validated reference ligands for representative targets (PDB IDs:
1U5C, 2GSQ, 3RAS, and 5WUU), where a subset of generated molecules
achieved docking scores on par with co-crystallized ligands (Figure 2C).

For a small subset of targets, including 3ACT and 6MEP, the effect of
pocket conditioning was attenuated. Structural inspection revealed that these
pockets are characterized by extreme shallowness or high solvent exposure,
limiting the discriminative power of geometry alone. These cases delineate
practical boundaries of pocket-conditioned generation and are discussed in
Supplementary Note 2.

Physicochemical objectives elicit directional global property
responses. Beyond structural context, lead optimization requires precise
control over global physicochemical properties to balance potency, safety,
and developability. In PocketGPT, such objectives are introduced as seman-
tic conditioning signals, enabling direct modulation during generation rather
than post hoc selection.

We first examined single-objective conditioning for four key descriptors:
lipophilicity (LogP), drug-likeness (QED), topological polar surface area
(TPSA), and synthetic accessibility (SAS). For each property, target values
spanning biologically relevant ranges were specified. As shown in Figure 3A,
the resulting property distributions formed sharp, well-separated peaks
centered near the desired setpoints, with minimal overlap across distinct
targets (e.g., LogP = 2.0, 4.0, and 6.0). Comparable behavior was observed for
QED, TPSA, and SAS.

These distributions indicate that numerical property prompts induce direc-
tional and controllable shifts in chemical space, rather than broad statistical
biasing. When multiple physicochemical objectives were specified simultane-
ously, PocketGPT preserved this directional control across properties, yield-
ing structured and well-separated distributions in the joint property space
(Figure S8). Importantly, property modulation was achieved without explicit
filtering, demonstrating that global physicochemical objectives are internal-
ized as semantic guidance signals during generation.

Fragment-level conditioning anchors local functional motifs. Medicinal
chemistry frequently exploits privileged fragments as functional anchors
rather than rigid templates, allowing chemically meaningful variation while
preserving biological activity. To evaluate whether PocketGPT reflects this
practice, we conducted fragment-conditioned generation across six pharma-
cologically prevalent motifs.

PocketGPT achieved consistently high fragment retention rates, ranging
from 80.1% to 92.7% across fragments (Table 1), indicating reliable anchor-
ing around specified chemical frameworks. Deviations from exact fragment
identity were structured rather than random. Qualitative inspection revealed
substitutions consistent with classical bioisosterism—for example, frequent
replacement of tetrazole rings with 1,24-triazoles, preserving hydrogen-
bonding capacity and electronic characteristics despite altered topology.

These results suggest that fragment conditioning constrains generation at
the level of functional motifs, rather than enforcing rigid subgraph copying.
Such behavior closely mirrors medicinal chemistry practice, where functional
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Figure 1. The PocketGPT framework for structure-aware molecular generation with composable semantic priors (A) Paradigm overview. PocketGPT departs from geometry-
first generation followed by post hoc filtering, and instead embeds structural context and medicinal-chemistry design objectives directly into the generative process. Multiple
sources of prior knowledge—including protein pocket context, physicochemical property targets, fragment priors, and protein—ligand interaction patterns—are integrated to guide
generation toward chemically viable and pharmacologically relevant regions of chemical space. (B) Unified neural architecture. Heterogeneous conditioning signals—including 3D
pocket embeddings, property targets, fragment priors, and interaction fingerprints—are first mapped into a shared latent space through modality-specific encoders, and then
integrated by adaptive semantic fusion to yield a fused semantic prefix embedding £...4. This conditional representation is prepended to the molecular token sequence and used
to condition a Transformer decoder for autoregressive SMILES generation, enabling structure-aware molecular design without explicit three-dimensional ligand coordinate
construction. Here, “function” refers to pharmacologically relevant design objectives, such as property profiles and binding-relevant interaction patterns, rather than explicit

biological activity prediction.

equivalence and bioisosteric replacement are routinely exploited to preserve
activity while optimizing downstream properties.

Interaction fingerprints guide functional interaction patterns. Binding
specificity arises from structured constellations of non-covalent interactions,
including hydrogen bonds, hydrophobic contacts, m—t stacking, salt bridges,
n—cation interactions, and halogen bonds. To assess whether PocketGPT
captures such functional semantics, we evaluated interaction-conditioned
generation using predefined protein—ligand interaction fingerprints.

Analysis of the held-out test set revealed a long-tailed distribution of inter-
action types (Figure 3B), dominated by hydrogen bonds and hydrophobic
contacts. Despite this intrinsic imbalance, PocketGPT preferentially recov-
ered dominant interaction patterns associated with productive binding. For
major interaction classes, median F1-scores exceeded 0.7 (Figure 3C), while
increased variance was observed for rarer interaction types, consistent with
their lower prevalence (Supplementary Information).

These findings indicate that interaction fingerprints guide generation
toward functionally relevant interaction patterns, even in the absence of
explicit three-dimensional ligand construction.

Robustness under realistic multi-objective design constraints

Rational drug design is inherently a multi-parameter optimization (MPO)
problem, requiring the simultaneous satisfaction of structural compatibility,
physicochemical viability, and functional requirements. While the previous
sections established PocketGPT's behavior under isolated conditioning
signals, a more stringent and practically relevant evaluation concerns its
behavior when multiple constraints are imposed concurrently, where trade-
offs are unavoidable and provide a critical test of whether semantic guidance
remains stable under competing objectives.

To this end, we evaluated PocketGPT under a comprehensive multi-
constraint regime across 100 diverse protein targets, simultaneously enforc-
ing pocket structural compatibility, ADMET-related property constraints, frag-
ment retention, and interaction fingerprint alignment. As summarized in
Table 2, the concurrent imposition of orthogonal semantic constraints leads
to a measurable contraction of the accessible chemical space. Compared to
single-objective conditioning, multi-constraint generation (PocketGPT-all)
exhibits systematic reductions in validity, novelty, and uniqueness, reflecting
the intrinsic cost of exerting explicit control along multiple, partially compet-
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Figure 2. Pocket-derived semantic conditioning shifts generated molecules toward binding-compatible chemical space (A) Docking score distributions for PocketGPT-gener-
ated (red) and unconditioned random (blue) molecules across 100 test targets, showing a population-level shift toward lower-energy states under pocket conditioning. (B) Target-
wise changes in mean docking score (AScore = Baseline - PocketGPT), where positive values indicate more favorable predicted binding energetics induced by pocket-derived
context. (C) Representative targets (PDB IDs indicated) illustrating consistent shifts of generated populations toward high-affinity regions relative to random baselines and refer-

ence ligands (dashed lines).

ing dimensions.

Consistent with this interpretation, Table 2 shows that while individual
semantic constraints can be reliably satisfied in isolation, their concurrent
enforcement reduces constraint adherence in a non-uniform manner. QED
showed the largest decrease under full conditioning, dropping from 0.93 to
0.61, whereas LogP, TPSA, and SAS retained moderate adherence. This
pattern suggests that composite property objectives are particularly sensi-
tive to competition with fragment anchoring and interaction-pattern recovery,
because QED is coupled to molecular size, ring systems, polarity, and
heteroatom composition. Interaction-fingerprint alignment was also more
difficult to preserve under concurrent constraints, consistent with the spatial
specificity required for recovering non-covalent interaction patterns after
SMILES generation and docking. In practical use, these results suggest that
global property targets and interaction fingerprints may be treated as softer
preferences during early-stage lead generation, whereas pocket compatibility
and fragment-level anchoring may be prioritized more explicitly.

Importantly, this contraction in generative flexibility does not lead to a
collapse of binding-relevant behavior. Despite the increased constraint
burden, PocketGPT-all maintains favorable Top-10 docking scores (-8.3 on
average), outperforming the PocketGPT training-stage baselines and remain-
ing within the range of representative molecular generative models listed in
Table 3.°°°" Together with the single-condition results, this comparison
suggests that PocketGPT-all retains competitive docking-ranked perfor-
mance while providing additional structure—function controllability through
composable semantic conditioning.

This gradual degradation profile suggests a potential advantage of seman-
tic conditioning under multi-objective constraints. Unlike coordinate-level
generation, where mutually incompatible geometric and functional objectives
may be difficult to satisfy simultaneously, PocketGPT operates in a semantic
conditioning space and therefore showed smoother performance degrada-
tion in our evaluation, without an abrupt loss of generative viability (Table 3).

To further characterize behavior under concurrent constraints, we analyzed
the top-ranked candidates generated under the comprehensive regime
(Figure 4). Within the top 20 molecules per target (ranked by docking score),
PocketGPT achieved fragment retention and ADMET compliance rates of
0.72 and 0.66, respectively, while interaction fingerprint alignment proved
more challenging (0.52), consistent with the stringent spatial requirements
associated with specific non-covalent interactions. The distribution of objec-
tive satisfaction across generated molecules (Figure 4B) shows that a
substantial fraction of candidates simultaneously satisfy multiple constraints:
36.3% meet three objectives and 17.6% meet all four.

Global docking score distributions under the comprehensive constraint
regime (Figure 4C) exhibit a consistent leftward shift relative to random
generation across all targets, confirming that primary shape complementar-
ity is largely preserved despite the imposition of auxiliary constraints. To
further dissect the contribution of individual conditioning sources, we
performed an equal-budget ablation analysis across the 100 held-out test
targets. For each target and each generation setting, 100 molecules were
generated and evaluated using the same docking and post-generation filter-
ing workflow. Detailed docking and post-generation filtering criteria are
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Figure 3. Directional responses to isolated functional and interaction-level conditioning (A) Ridgeline distributions of four physicochemical properties (LogP, QED, TPSA, and
SAS) under single-property conditioning at different target values, showing well-separated and target-centered responses without post hoc filtering. (B) Dataset-level statistics of
protein—ligand interaction fingerprints, including the frequency of major interaction types (left) and their coverage across test complexes (right), highlighting the long-tailed
nature of interaction patterns. (C) Distribution of interaction-type-level recovery F1-scores across individual test complexes. Each point corresponds to a generated molecule,
and dashed lines indicate per-complex mean values, illustrating consistent interaction-level recovery under interaction conditioning.

provided in Supplementary Methods S4. Generation-budget-controlled abla-
tion settings and candidate-retention statistics are summarized in Supple-

mentary Note 6 and Table ST. Pocket-only generation produced the strongest
docking-ranked enrichment, consistent with the direct role of pocket struc-
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tural conditioning in improving binding compatibility. Adding individual func-
tional conditions produced distinct effects: property conditioning improved
physicochemical-property compliance, fragment conditioning improved frag-
ment retention, and interaction-fingerprint conditioning improved interaction-
level recovery.

Importantly, PocketGPT-all did not necessarily achieve the best docking
score as a single metric, reflecting the trade-off introduced by concurrent
structural and functional constraints. However, under the same generation
budget and identical filtering workflow, PocketGPT-all yielded the largest
number of final qualified candidates satisfying docking-score, property, frag-
ment-retention, and interaction-fingerprint criteria (Figure 4D-E). These
results indicate that multi-constraint conditioning enriches high-quality
candidates before virtual screening, rather than relying solely on post hoc
filtering.

Prospective validation and discovery enabled by structure—function
conditioned generation

Building on the directional semantic responses characterized under
isolated conditioning (Section 2.2) and the robustness observed under
coupled multi-objective constraints (Section 2.3), we next asked whether
such semantic control is sufficient to support prospective molecular design
and experimental validation in realistic discovery settings.

Cross-target generalization of structure—function semantic control. To
evaluate whether joint structural and functional conditioning translates into
coherent binding behavior across mechanistically distinct target classes, we
applied PocketGPT to two therapeutically relevant proteins with distinct bind-
ing architectures: the phosphatases PTPN2/PTPN1** (PDB: TUAD) and the

kinase PI3Ka™ (PDB: 80W?2). In these experiments, pocket geometry, ADMET-
related physicochemical constraints, and pharmacophoric anchoring were
enforced, while explicit interaction fingerprint conditioning was intentionally
withheld. This design provides a stringent assessment of structure—function
consistency under partial supervision.

Candidate libraries generated for both targets exhibited pronounced shifts
toward favorable binding energetics compared to unconditioned baselines.
As shown in Figure 5A, PocketGPT-generated molecules achieved mean
docking scores of -8.91 for PTPN2/PTPN1 and -9.02 for PI3Ka, substan-
tially outperforming random controls. Low-dimensional chemical space
projections (UMAP) indicate that generated candidates cluster in proximity to
reference ligands, suggesting preferential exploration of bioactive regions of
chemical space. Analysis of physicochemical properties further confirms
adherence to imposed design constraints, with generated molecules exhibit-
ing favorable synthetic accessibility profiles relative to baseline samples
(Figure 5B).

Post hoc interaction analysis revealed that, despite the absence of explicit
interaction-level supervision during generation, PocketGPT-generated ligands
consistently recovered interaction patterns characteristic of known binders
(Figure 5D). For PTPN2/PTPN1, generated molecules frequently formed
conserved hydrogen bond networks involving ARG222, GLN264, and ASP50,
as well as m—m stacking interactions with PHE183. For PI3Ka, recurrent
contacts with ASP603 and PHE1016 were observed, accompanied by addi-
tional polar interactions with residues such as GLU365 or TYR641. These
observations indicate that joint structural and pharmacophoric conditioning
can bias generation toward binding-compatible interaction patterns across
mechanistically distinct targets.
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Table 2. Constraint adherence under explicit semantic conditioning

Property MolGPT PocketGPT-single PocketGPT-all
QED 0.91 0.93 0.61
SAS 0.87 0.89 0.65
LogP 0.93 0.95 0.70
TPSA 0.90 0.89 0.68

Table 3. Generative behavior of PocketGPT variants and representative molecular generation baselines

Method Validity Novelty Unique Top-10 Docking |
PocketGPT-scratch 0.760 0.680 0.713 -6.2
PocketGPT-pretrained 0.998 0.984 0.993 -7.5
MolGPT 0.975 0.783 0.982 -79
Pocket2Mol 0.989 0.865 0.992 -8.2
TargetDiff 0.974 0.846 0.975 -8.1
PocketFlow 0.978 0.880 0.985 -8.3
PocketGPT-single 0.987 0.860 0.987 -8.9
PocketGPT-all 0.840 0.771 0.798 -8.3

Note. PocketGPT-scratch denotes the PocketGPT architecture trained directly on the structure-conditioned fine-tuning dataset without large-scale
molecular language pretraining. PocketGPT-pretrained denotes the chemically pretrained language model before structure-conditioned fine-tuning and is
included as a chemical-prior baseline. PocketGPT-single denotes the pretrained PocketGPT model fine-tuned using pocket structural conditioning only.
PocketGPT-all denotes the pretrained PocketGPT model fine-tuned with all conditioning variables, including pocket structure, physicochemical properties,

fragment priors, and interaction fingerprints.

Prospective discovery and experimental validation of PARP1 inhibitors.
To evaluate whether the semantic control behaviors characterized above can
translate into experimentally actionable molecular designs in a realistic
discovery setting, we conducted a prospective design—make—test campaign
targeting poly(ADP-ribose) polymerase 1 (PARP1), a clinically validated
enzyme in DNA damage response pathways™. PARP1 also represents a
challenging testbed for molecular generation, as insufficient isoform selectiv-
ity has contributed to dose-limiting toxicities in several existing inhibitors. We
therefore selected this target to assess the feasibility of molecules generated
under structural and functional constraints when evaluated experimentally.

The generative campaign was anchored on the PARP1—0laparib complex
(PDB: 7KK4), which served exclusively as a geometric reference for pocket
topology. Molecular generation was conditioned on pocket compatibility and
constraints related to physicochemical and synthetic feasibility, as well as
pharmacophoric anchoring to the phthalazinone core, a privileged scaffold
shared by approved PARP inhibitors (Figure 6A-B).

Under these constraints, PocketGPT generated approximately two million
candidate molecules. After deduplication against the training set, 1,944,524
candidate molecules were retained. After removing PAINS-positive® and
bRo5 molecules, 920,795 candidates were retained. Docking-score-based™
prioritization further reduced the pool to 46,034 molecules, followed by multi-
constraint filtering based on predicted binding compatibility, physicochemi-
cal properties, scaffold diversity, and synthetic feasibility, yielding 7,873
candidates. From the top-50 docking-ranked molecules in this filtered pool,
five representative compounds were selected for chemical synthesis and
experimental evaluation. Detailed docking and post-generation filtering crite-
ria are provided in Supplementary Methods S4.

Biochemical evaluation revealed that four of the five synthesized
compounds inhibited PARP1 with sub-micromolar potency (ICsq < 2 UM;
Figure 6D), indicating substantial empirical enrichment in this prospective
campaign. Among these, Compound 2 exhibited the strongest inhibitory
activity, exceeding that of the clinical reference Olaparib under matched
assay conditions.

PARP2 selectivity was not included among the conditioning or prioritiza-
tion criteria in the PARP1 campaign. Nevertheless, subsequent profiling
against the closely related enzyme PARP2 revealed a pronounced preference

for PARP1. Specifically, Compound 2 showed a greater than 1000-fold reduc-
tion in inhibitory potency toward PARP2 relative to PARP1. This selectivity
was therefore observed during post-generation experimental profiling, rather
than being explicitly optimized during generation. Further studies incorporat-
ing counter-target information or dual-pocket selectivity objectives will be
needed to systematically analyze and design PARP isoform selectivity.

To further characterize its functional relevance, Compound 2 was
subjected to orthogonal biochemical and cellular assays. Isothermal titration
calorimetry confirmed a high-affinity interaction with PARP1, vyielding a
dissociation constant (K,) of 4.88 nM (Figure 7TA=B). To further assess the
dynamic stability of the predicted binding mode, we performed a 200 ns
explicit-solvent molecular dynamics simulation of the Compound 2—PARP1
complex. The PARP1 backbone remained stable throughout the trajectory,
with an average backbone RMSD of 0.154 + 0.018 nm after protein align-
ment. The complex also maintained a persistent hydrogen-bonding network,
with an average of 2.76 + 0.54 hydrogen bonds. MM/GBSA analysis over 501
trajectory frames yielded a favorable binding free energy of -46.12 + 5.54
kcal/mol, mainly driven by van der Waals and electrostatic contributions
(Supplementary Note 7 and Figure S9). In BRCAT-deficient MDA-MB-436
breast cancer cells, Compound 2 suppressed cellular proliferation and colony
formation more effectively than Olaparib at equivalent concentrations
(Figure 7C-D). Consistent with on-target PARPT inhibition, treatment with
Compound 2 resulted in a dose-dependent reduction in poly(ADP-ribose)
levels accompanied by accumulation of the DNA damage marker y-H2AX
(Figure 7E), indicating impaired DNA repair signaling.

To assess the preliminary in vivo safety profile of Compound 2, mice
received daily oral administration of Compound 2 at doses of 100, 200, or 400
mag/kg for 15 consecutive days. Throughout the treatment period, no mortal-
ity, abnormal behavior, or overt signs of systemic toxicity were observed.
Body weight increased steadily in all treatment groups and remained compa-
rable to that of vehicle-treated controls, indicating that Compound 2 was well
tolerated even at the highest tested dose (Figure 7F).

Histopathological examination of H&E-stained sections from major organs,
including the heart, liver, spleen, lung, and kidney, revealed no apparent treat-
ment-related pathological alterations (Figure 7G). The overall tissue architec-
ture of all examined organs remained comparable to that of the control
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Figure 4. Compositional semantic guidance under concurrent constraints (A) Radar plot illustrating the simultaneous satisfaction of fragment anchoring, binding affinity,
physicochemical properties, and interaction recovery for representative generated candidates. (B) Distribution of multi-constraint fulfilment across targets, showing that multiple
semantic conditions can be jointly satisfied within a constrained generative library. (C) Docking score distributions under full conditioning, indicating that binding-relevant struc-
tural semantics are preserved despite concurrent functional and physicochemical guidance. (D) Equal-budget ablation of predicted binding performance across six conditioning
settings, quantified by target-level Top-10 docking scores. Each point represents one held-out target, and lower values indicate more favorable predicted binding. (E) Cumulative
retention of generated candidates under equal generation budgets and an identical post-generation filtering workflow. Values are normalized per 10,000 generated molecules.
Final qualified candidates were defined using the docking and post-generation filtering criteria described in Supplementary Methods S4.

group. In particular, hepatic lobular organization was preserved without obvi-
ous structural disruption. Pulmonary tissues maintained normal alveolar
morphology and showed no visible evidence of inflammatory lesions or alve-
olar interstitial thickening. Renal tissues exhibited intact glomerular and tubu-
lar structures. Likewise, no remarkable histopathological abnormalities were
observed in the heart or spleen. Collectively, these findings suggest that
Compound 2 possesses a favorable preliminary safety and tolerability profile

following repeated oral administration.

Collectively, this prospective design—make—test study demonstrates that
structure—function semantic conditioning can give rise to chemically
tractable molecules”” whose experimentally observed binding potency,
isoform preference, and biological effects are coherent across biochemical,
cellular, and in vivo assays. These results were achieved without iterative
structure-based optimization after generation, while the general benchmark
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Figure 5. Emergent binding-relevant behavior from semantic conditioning (A) Pocket-conditioned generation induces a systematic shift toward favorable docking energetics
and guides molecules toward chemical neighborhoods enriched in known active ligands. (B) Generated libraries satisfy imposed physicochemical constraints and exhibit favor-
able synthetic accessibility, supporting practical developability. (C) Representative structures preserve essential pharmacophoric scaffolds while adaptively optimizing
substituents for pocket complementarity. (D) Without explicit interaction-level supervision, post hoc docking and interaction analysis showed recurrent recovery of reference-like
interaction patterns, suggesting that pocket and pharmacophore conditioning can bias generation toward binding-compatible solutions.

and non-PARP cross-target experiments were performed using the base
PocketGPT model.

CONCLUSIONS

We have presented PocketGPT, a structure-aware generative framework
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Figure 6. Semantic-prior—driven generative design and experimental validation of PARP1 inhibitors (A) Fragment priors extracted from clinically approved PARP1 inhibitors
were used as semantic anchors for generation. (B) PocketGPT was conditioned on the PARP1—0laparib complex (PDB: 7KK4) together with global physicochemical objectives
(LogS and SAS). (C) Candidate prioritization from a large generated library enriched molecules consistent with the imposed semantic constraints. (D) Experimental evaluation of
five synthesized candidates identified multiple potent inhibitors, including one exceeding the clinical reference Olaparib under matched assay conditions, supporting the practical

utility of the generated candidates.

that reframes structure-based molecular design by decoupling binding-rele-
vant structural and functional semantics from explicit three-dimensional
ligand construction. By embedding multidimensional medicinal-chemistry
constraints—including physicochemical properties, fragment priors, and
protein—ligand interaction patterns—directly into the generative prior, Pocket-
GPT establishes a structural—functional co-generative paradigm that
contrasts with geometry-first approaches relying on post hoc filtering or

coordinate-level optimization.

The practical consequences of this paradigm are demonstrated through a
prospective computation-to-experiment campaign targeting PARP1. Without
explicitly optimizing affinity or isoform selectivity as independent objectives,
PocketGPT generated candidates with favorable predicted binding compati-
bility and developability profiles, ultimately yielding a nanomolar-affinity (K, =
4.88 nM) PARPT inhibitor with favorable in vivo tolerability. Subsequent profil-
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Compound 2 by isothermal titration calorimetry confirms direct interaction with the PARP1 catalytic domain, providing evidence of specific target engagement. (C-D) Cellular
assays demonstrate that Compound 2 elicits antiproliferative effects in PARP1-dependent cancer models, consistent with on-target activity. (E) Biochemical markers of PARP1
inhibition show dose-dependent suppression of poly(ADP-ribose) synthesis accompanied by induction of DNA damage signaling, supporting functional engagement of the
intended pathway. (F) Changes in body weight during the 15-day treatment period. (G) Representative H&E-stained sections of major organs collected at the end of the 15-day
treatment period. No obvious treatment-related histopathological abnormalities were observed in any examined tissues. Images were acquired at 200x magnification. Scale bar
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ing revealed strong PARPT-over-PARP2 selectivity for Compound 2, which
we interpret as an experimental observation arising from the prospective
campaign rather than as a pre-specified design objective. This progression
from sequence-level generation to biochemical, cellular, and in vivo valida-
tion provides experimental support that structure—function conditioning can
produce experimentally actionable candidates without explicit ligand geome-
try supervision.

At the same time, our results delineate clear boundaries of the proposed
approach. The reduced novelty and uniqueness observed under fully condi-
tioned generation indicate that strong multi-constraint control can restrict
chemical-space exploration. This trade-off may be acceptable in target-
focused lead optimization, where binding-relevant motifs, property profiles,
and experimental tractability are often prioritized, but it may limit applications
aimed at broad scaffold hopping or first-in-class discovery. PocketGPT
should therefore be viewed as screening-aware generation rather than
screening-free generation: it front-loads learnable and user-specifiable crite-

ria, including pocket compatibility, physicochemical property ranges, frag-
ment priors, and interaction fingerprints, into the generative process, while
retaining PAINS filtering and consensus docking as independent quality-
control steps. This separation avoids direct optimization of discrete structural-
alert rules or pose-dependent docking scores, which may otherwise intro-
duce rule overfitting or scoring-function bias. Future work could mitigate
these limitations through diversity-aware decoding, scaffold-level novelty
regularization, softer fragment conditioning, constrained decoding, reinforce-
ment learning, active learning, or Pareto-based multi-objective optimization.

More broadly, this work illustrates how rethinking the abstraction underly-
ing structure-based molecular generation—shifting from geometry-centric
formulations toward structure—function—aware generative priors—can
preserve chemical realism while expanding the space of experimentally
actionable designs. We anticipate that continued development along this
direction will contribute to more interpretable, controllable, and experimen-
tally grounded Al-assisted drug discovery pipelines.
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MATERIALS AND METHODS
Dataset Construction and Preprocessing

Chemical prior pretraining. To establish a broad and chemically diverse
prior, we constructed a large-scale ligand-only molecular corpus by integrat-
ing the MOSES™ benchmark (ZINC Clean Leads subset) and the GuacaMol™
benchmark (ChEMBL v24). Standardized SMILES preprocessing and dedupli-
cation were applied to ensure chemical validity and consistency, resulting in a
final pretraining dataset of approximately 3.3 million unique drug-like
molecules. This pretraining corpus contains no protein structures, pocket
annotations, docking poses, or target labels, and therefore does not intro-
duce pocket-level information from the downstream structure-conditioned
benchmark.

Structure-conditioned fine-tuning. For pocket-aware generation, we
curated a high-quality structural dataset from PDBbind®®' v2020 and
ScPDB,* restricted to co-crystallized protein—ligand complexes with X-ray
resolution < 2.5 A. Complexes with incomplete binding sites or ambiguous
ligand definitions were excluded. The final dataset comprised 25914
protein—ligand pairs spanning diverse target families and binding geometries.
To prevent direct target leakage across splits, data partitioning was
performed at the protein-identity level™, rather than at the individual-complex
level. All complexes associated with the same protein identity were grouped
before splitting and assigned to a single split. We verified that no protein
identity present in the 100-target benchmark test set appeared in the training
or validation set. The 100 independent test targets were reserved exclusively
for benchmarking pocket-conditioned generation and were not used during
model selection, hyperparameter tuning, or structure-conditioned fine-tuning.

Pocket Embedding

Pocket-level structural context was represented using DeeplyTough-
derived geometric embeddings.® For each protein—ligand complex, the bind-
ing pocket was defined by protein heavy atoms within 8 A of the co-crystal-
lized ligand and voxelized into a multi-channel 3D grid V.. The voxelized
pocket was processed by a 3D convolutional encoder adopted from the
DeeplyTough framework. Given the pocket grid V,, the encoder f, produced a
128-dimensional pocket embedding:

z,=1,(V),z € R™ 1M
The encoder was trained with a structural contrastive objective:
Lyperer = y,Jd(Z,,ZJ)Z + (1 _YV) max (Ovm - d(Z,,ZJ))Z, (2)

where z, and z denote the embeddings of two pockets, d(.,-) denotes the
distance between two pocket embeddings, y, = Tindicates structurally
related pockets and y,=0 indicates unrelated pockets, and m is the
contrastive margin. This objective encourages structurally similar binding
pockets to occupy nearby regions in the embedding space while separating
structurally dissimilar pockets.

The resulting pocket embedding was projected into the shared semantic
conditioning space and used as the pocket-level prefix condition for the
Transformer decoder. Thus, molecular generation is performed over SMILES
tokens, whereas three-dimensional pocket information is introduced through
the precomputed geometric embedding. Because the pocket encoder is
trained on co-crystallized protein—ligand complexes, the embedding captures
cavity shape and local pocket chemistry associated with compatible ligand
chemotypes. Pocket—ligand shape complementarity is therefore encouraged
implicitly through pocket-conditioned generation and was subsequently
assessed by docking-based pose evaluation.

Molecular Property Profiling

Physicochemical and pharmacokinetic descriptors were computed using
ADMETlab 2.0%. While a comprehensive ADMET suite was calculated for
downstream benchmarking, four key descriptors were selected as condition-
ing constraints during training: LogP (partition coefficient), QED (drug-like-
ness), TPSA (topological polar surface area), and SAS (synthetic
accessibility). These scalars served as control tokens to steer the generative
process toward specific property manifolds.

Artificial Intelligence W.:{iI[¢N3
Fragment Vocabulary Construction

To enable substructure-aware conditioning, molecules were decomposed
using the BRICS algorithm™. We implemented a hierarchical retention strat-
egy, preserving both terminal leaf fragments and intermediate scaffolds from
recursive splits to capture multi-scale structural logic. The final vocabulary
comprised 18,988,771 fragments derived from over 56 million decomposi-
tion records, indexed in canonical SMILES format.

Constraint-adherence metrics

Fragment retention was defined as the fraction of evaluated molecules
containing the queried fragment as an RDKit substructure match. Docking-
score compliance was defined as the fraction of molecules with docking
scores equal to or lower than a predefined target-specific threshold. Property
compliance was calculated as the fraction of molecules satisfying all prede-
fined physicochemical or developability criteria. Interaction-fingerprint align-
ment was quantified using the F1-score between six-dimensional PLIP-
derived interaction-type vectors. Detailed formulas are provided in Supple-
mentary Methods S2.

Benchmark metric calculation

Molecular-quality and docking-based metrics were calculated using a
unified evaluation workflow across PocketGPT variants and comparison
models whenever generated outputs could be regenerated or reprocessed.
Validity, novelty, uniqueness, and Top-10 docking scores were computed
after standardized RDKit processing and unified docking evaluation. Detailed
benchmark metric calculations are provided in Supplementary Methods S3.

Model Architecture and Generation Strategy

PocketGPT employs a conditional Transformer decoder to autoregres-
sively generate molecular SMILES. Pocket geometry, physicochemical-prop-
erty objectives, fragment priors, and interaction fingerprints are encoded by
modality-specific projectors and fused into a semantic prefix through learned
gating. This prefix is prepended to the molecular token sequence and condi-
tions next-token prediction during decoding. Different generation regimes
were implemented by activating different subsets of conditioning variables
while keeping the same model architecture and parameters. Detailed equa-
tions for condition encoding, semantic gating, prefix-conditioned decoding,
and the training objective are provided in Supplementary Methods S1.

Chemical synthesis and characterization.

Compounds 1-5 were synthesized and characterized by NMR, HRMS, and
HPLC. All compounds used in biological assays had =95% purity. Detailed
synthetic procedures and characterization data are provided in Supplemen-
tary Note 8.

Biochemical and cellular assays

PARP1 and PARP2 inhibition was evaluated using fluorescence polariza-
tion assays. Direct binding of Compound 2 to PARP1 was measured by ITC.
Cellular activity was assessed in MDA-MB-436 cells using viability, clono-
genic survival, and western blot assays. Detailed procedures are provided in
Supplementary Methods S6.

In vivo tolerability assessment

Female ICR mice were treated with Compound 2 by daily oral gavage for
15 consecutive days. Body weight, clinical signs, and H&E-stained sections of
major organs were evaluated. Detailed animal procedures are provided in
Supplementary Methods S6.

Molecular dynamics and MM/GBSA analysis

A 200 ns explicit-solvent MD simulation was performed for the predicted
Compound 2—PARP1 complex. Protein backbone RMSD, protein—ligand
hydrogen bonds, MM/GBSA binding free energy, and per-residue energy
decomposition were analyzed to assess the dynamic stability and energetic
support of the predicted binding mode. Detailed simulation parameters are
provided in Supplementary Methods S5.
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