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ABSTRACT

Structure-based diffusion models offer a promising route for de novo 3D ligand
generation directly within protein binding sites, but generating stereochemically
valid molecules within acceptable molecular property constraints required for
drug design remains challenging. Existing approaches typically rely on inference-
time guidance, limiting flexibility and preventing medicinal chemists from di-
rectly specifying design objectives. We introduce PRISM: Pocket Reinforced
Iterative Structure-based Molecular diffusion, a reinforcement learning frame-
work for fine-tuning structure-based diffusion models using Proximal Policy Opti-
mization (PPO). PRISM enables user-defined rewards to be incorporated directly
into the generative process. We evaluate PRISM across six well-studied drug tar-
gets and systematically study single-objective, multi-objective, and curriculum-
based optimization strategies. PRISM consistently improves 3D geometric va-
lidity, demonstrating that reinforcement learning can effectively shape diffusion
models in continuous coordinate space. Extending to multi-objective rewards
highlights how reward design and reward density influence optimization, while
a staged curriculum anchored in geometric validity stabilizes training and sup-
ports the integration of more complex medicinal chemistry objectives. PRISM is
lightweight and practical, requiring only a single GPU and a few hours of train-
ing to fine-tune a model toward a desired reward. Together, these results establish
reinforcement learning as a flexible and accessible tool for optimising structure-
based molecular diffusion, enabling rapid experimentation with custom reward
functions for 3D molecular design.

1 INTRODUCTION

Structure-based drug design (SBDD) uses the 3-dimensional structure of a biological target to de-
sign compounds that bind with high potency and meet desired pharmacological and molecular prop-
erty characteristics (Thomas et al., 2017; van Montfort et al., 2017). This poses an inverse design
problem: given target properties (for example, binding affinity, drug-likeness, synthetic accessibility
(SA), novelty) we must identify molecules that satisfy them - a challenge central to accelerating drug
discovery and development which is tedious, slow and expensive (Sadybekov & Katritch, 2023; Sun
et al., 2022). Furthermore, we barely explore the vastness of chemical space, which has been esti-
mated to be between 1020-1060 (Polishchuk et al., 2013). To address these challenges, deep learning
(DL) based generative models for SBDD have garnered heavy interest as powerful alternatives to
traditional approaches that rely on the intuition of medicinal chemists (Fu & Chen, 2025; Sadybekov
& Katritch, 2023).

Generative diffusion models have emerged as a promising approach for SBDD and are current gold
standard for 3D generative design alongside flow matching models (Vost et al., 2025). However,
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models frequently produce physically implausible geometries with strained conformations and poor
physicochemical properties dissimilar to those of approved drugs (Yang et al., 2025; Harris et al.,
2023; Buttenschoen et al., 2024). Most critically, generated molecules also lack meaningful protein-
ligand interactions and exhibit problematic functional groups that preclude experimental validation
(Harris et al., 2023). Thus, SBDD is a multi-objective optimisation problem which must account
for 3D geometric validity, molecular properties alongside potency (Yang et al., 2025; Sanjrani et al.,
2025).

Several approaches attempt to steer SBDD diffusion models toward desired properties. Inference-
time gradient-based guidance methods, such as TAGMOL (Dorna et al., 2024) apply property gradi-
ents during sampling to redirect generation. However, these require training separate regressors for
each objective and can produce unstable sampling dynamics when combined. Moreover, because
regressor guidance relies on continuous gradients, it struggles to enforce discrete or combinatorial
design constraints, such as pharmacophore satisfaction, where gradient signals are sparse or poorly
aligned with the underlying generative distribution. IDOLpro (Kadan et al., 2025) guides diffu-
sion latent variables at inference time using differentiable scoring functions to optimise binding
affinity and SA. However, this requires scoring functions to be differentiable and re-implemented
in PyTorch, limiting flexibility to incorporate arbitrary reward signals without significant engineer-
ing effort. In contrast, train-time methods such as Direct Preference Optimization (DPO) (Rafailov
et al., 2023) fine-tune model parameters on molecular preference pairs (Schneuing et al., 2025;
Cheng et al., 2024). DPO learns by comparing molecule pairs (A is better than B), but drug de-
sign objectives rarely permit such absolute rankings - molecular quality is multi-dimensional, and
whether molecule A outperforms B depends on context-specific priorities across competing prop-
erties. Collectively, these approaches highlight a persistent gap, motivating a framework capable
of easily incorporating flexible reward signals and naturally balancing competing objectives within
structure-based diffusion models.

Reinforcement learning (RL) provides a principled framework for incorporating arbitrary reward
signals without the constraints of differentiability or binary preferences. Policy gradient methods
like Proximal Policy Optimization (PPO) (Schulman et al., 2017) have demonstrated success in op-
timizing SMILES-based generators such as REINVENT (Loeffler et al., 2024), yet their application
to 3D structure-based diffusion models has remained unexplored.

In this work we introduce PRISM: Pocket Reinforced Iterative Structure-based Molecular diffusion,
a hybrid diffusion–RL framework for structure-based de novo molecular generation. We systemat-
ically evaluate PRISM under single-objective, multi-objective, and curriculum-based optimization
strategies. In the single-objective setting, our stereochemical reward function consistently improved
3D geometric validity across six targets, demonstrating that policy gradients can effectively guide
diffusion models toward the manifold of physically plausible molecular structures. Extension to
multi-objective rewards revealed strong target dependence and exposed potential failure modes in-
cluding reward hacking, particularly when reward signals were sparse or weakly coupled to 3D
structure. We showed that a staged curriculum, anchoring optimization in geometric validity before
introducing more complex objectives, enables explicit control over learning priorities and prevents
unintended objective prioritization that occurs when all rewards are introduced simultaneously. Our
results establish RL as an effective approach for guiding pre-trained 3D structure-based diffusion
models. PRISM offers a principled fine-tuning framework for multi-objective optimization that
accommodates arbitrary reward signals, enabling targeted control over geometric validity, binding
characteristics, and molecular properties in structure-based design.

2 METHODS

We formulate structure-based molecular generation as a sequential decision-making problem. We
apply RL to optimize a pre-trained diffusion model toward user-defined objectives. PRISM ex-
tends DiffSBDD (Schneuing et al., 2024), an SE(3)-equivariant diffusion model trained on Cross-
Docked2020 (Francoeur et al., 2020), finetuning it using PPO with flexibly designed reward func-
tions tailored to specific design objectives.
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2.1 PRISM FRAMEWORK

Following Black et al. (2023), we formulate the diffusion sampling process as a Markov Decision
Process (MDP) over T = 500 denoising timesteps. The protein binding site p = (xp,hp) represents
the all-atom pocket structure with 3D coordinates xp and atomic element types hp ∈ ANp , where
A = {C, N, O, S, B, Br, Cl, P, I, F}. The MDP components are: (i) states st = (zt, p, t) represent
the noised molecular structure zt = (xt,ht) with 3D coordinates xt ∈ RN×3 and atom types
ht ∈ AN , along with the protein binding site p and diffusion timestep t ∈ {0, 1, . . . , T}; (ii)
actions at = zt−1 are the denoising predictions; (iii) policy πθ(zt−1|zt, t, p) is the diffusion model’s
learned denoising process; and (iv) rewards R(s0) = r(z0, p) are assigned at the final timestep and
propagated back through the trajectory, since only the fully denoised structure at t = 0 is chemically
meaningful.

2.2 PPO TRAINING

We apply PPO with the standard clipped objective to fine-tune the policy model (Schulman et al.,
2017). To preserve the base model’s pocket-conditioning capabilities, we freeze three of the five
SE(3)-EGNN layers and apply PPO updates only to timesteps t ∈ [200, 500]. This partial fine-tuning
ensures the model retains geometric understanding from the DiffSBDD prior while optimizing for
target objectives. The PPO loss prevents overly large policy updates through ratio clipping:

LCLIP(θ) = E
[
min

(
ρt(θ)Ât, clip(ρt(θ), 1− ϵ, 1 + ϵ)Ât

)]
, ρt(θ) =

πθ(zt−1|zt, t, p)
πθold(zt−1|zt, t, p)

(1)

where ρt(θ) is the importance sampling ratio and ϵ constrains updates. At each timestep, the dif-
fusion model defines a Gaussian reverse transition, allowing us to compute exact log-likelihoods of
the sampled denoising steps, which are used to construct the PPO importance ratio.

To stabilize training, advantages Ât are computed by normalizing per-molecule rewards over each
training batch using a running mean and standard deviation, following the Group Relative Policy
Optimization (GRPO) approach (Shao et al., 2024; Black et al., 2023). This standardization yields
stable gradient signals across iterations without the use of a trained value network which traditionally
requires training.

2.3 REWARD FUNCTIONS

We first investigate a single-objective reward function aimed at correcting the geometric inconsisten-
cies exhibited in the baseline model, DiffSBDD. After establishing geometric competence, we intro-
duce pharmacophore and property-based rewards alongside the maintained geometric reward. This
curriculum strategy avoids two failure modes: simultaneous training causes the model to prioritize
geometric constraints while ignoring pharmacological objectives, whereas adding pharmacophore
and property rewards without geometric anchoring produces physically implausible structures that
satisfy objectives through distorted conformations.

2.3.1 INTRODUCING GEOMETRIC VALIDITY

To address the physically implausible geometries often produced by 3D generative models (Butten-
schoen et al., 2024), we define a stereochemical reward Rgeom based on a subset of the PoseBusters
test suite. This reward penalizes deviations in bond lengths, bond angles, and internal steric clashes:

Rgeom = exp

(
−λ
∑
i

wiPi

)
(2)

where i ∈ {length, angle, clash}, Pi represents the sum of absolute percent deviations from ideal
geometry for each violation type, λ = 2.0 is the penalty scaling factor, and wlength = 1.0, wangle =
0.5, wclash = 1.5 weight the contributions to prioritize steric clash and bond length corrections,
which are the most frequent failure modes in SBDD models.
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2.3.2 MOLECULAR PROPERTIES REWARD

We score each molecule using Gaussian functions centered on target-specific reference distribu-
tions extracted from known binders. For each property j (SA score, H-bond donors/acceptors,
aliphatic/aromatic ring counts, rotatable bonds, chiral centers, LogP, fused ring count), we compute:

sj = exp

(
− (xj − µj)

2

2σ2
j

)
· wj , Rprop =

∑
j sj∑
j wj

(3)

where sj is the weighted score for property j, xj is the molecule’s measured property value, µj

and σj are the mean and standard deviation from the target-specific reference distribution, to control
gradient width, and wj weights each property’s contribution. wj for each property was defined
based on observed tensions between the different properties the baseline model struggles with. For
example, a low likelihood of generating aromatic rings versus a higher likelihood of generating
randomly placed H-bond donors and acceptors.

2.3.3 PHARMACOPHORE REWARD

We derive consensus pharmacophoric hotspots from known binders by extracting interaction fea-
tures and clustering them using DBSCAN (Pedregosa et al., 2011). For each feature type k (aro-
matic, H-bond acceptor/donor, hydrophobic, ionizable), we score generated molecules based on
spatial proximity to high-density cluster centers:

Rpharm =

∑
k wksk∑
k wk

(4)

where sk is the normalized distance score for feature type k computed via optimal feature-to-cluster
matching, and wk weights each pharmacophore feature’s importance. Distance-based scoring uses
a quadratic decay within a cut-off radius to provide smooth gradients (feature clustering details in
Appendix A1.2).

2.3.4 MULTI-OBJECTIVE OPTIMIZATION AND CURRICULUM LEARNING

We first train PRISM using only the geometric reward Rgeom to establish a foundation of physi-
cal plausibility. After achieving baseline geometric competence, we transition to a multi-objective
function combining all reward components:

Rmulti =
∑
i

wiRi,
∑
i

wi = 1 (5)

where i ∈ {geom, pharm, prop}, wgeom = 0.1, wpharm = 0.6, wprop = 0.3.

This approach mitigates failure modes where the policy exploits Rpharm by generating physically
implausible structures or molecules with poor drug-like properties. The retained geometric weight
(wgeom = 0.1) acts as a regularizer, maintaining physical plausibility while the policy optimizes
pharmacophore matching with improved molecular properties.

We trained PRISM on six diverse, well-studied targets: the first bromodomain (BD1) of
bromodomain-containing protein 4 (BRD4-BD1), estrogen receptor α (ERα), human immunode-
ficiency virus type-1 protease (HIV-1-PR), carbonic anhydrase II (CA-II), epidermal growth factor
receptor (EGFR), and factor Xa (FXa). For each target, we selected three test structures to capture
binding site variability: (i) the highest resolution structure, (ii) a conformationally distinct structure
identified through TM-align clustering, if present, and (iii) a randomly selected structure to ensure
unbiased coverage. For details on target selection and hyperparameters, see Appendix A1.1.

3 RESULTS & DISCUSSION

Below we present results for (i) single-objective geometric optimization (Rgeom) and (ii) curriculum-
based multi-objective optimization (Rmulti), where Rmulti is introduced after geometric competence
is achieved with Rgeom.
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Table 1: PoseBusters validity rates (PB-valid, %) for PRISM trained with our geometry reward
function compared to DiffSBDD across datasets. All improvements are statistically significant at
p < 0.0001 (chi-squared test). N = 15, 000 molecules per method, with 5, 000 molecules for each
test structure.

Target PB-valid (%)
DiffSBDD PRISM

BRD4-BD1 58.0 73.9
CA-II 42.6 73.1
EGFR 61.9 76.8
ERα 46.6 77.8
FXa 56.2 71.6
HIV-1-PR 59.2 75.0
Mean 54.1 74.7

3.1 SINGLE OBJECTIVE GEOMETRY REWARD

PRISM improved the generation of geometrically valid 3D molecules using our geometry re-
ward function through RL, achieving statistically significant improvements over baseline DiffSBDD
across all six targets (p < 0.0001, chi-squared test; Table 1). Stereochemical validity rates as mea-
sured by PoseBusters (denoted PB-valid) increased from 55% to 75% on average, with the largest
gains observed in CA-II (30% improvement). These improvements demonstrate that RL can effec-
tively guide diffusion trajectories toward improving the recall of high quality molecular structures
without relying on post-hoc filtering.

Analysis of the constituent PoseBusters checks on ligands (Appendix Table A3) show that PRISM
substantially reduces bond angle violations, steric clashes, and bond length errors. We did observe
a slight increase in aromatic ring flatness failures, likely due to a higher propensity for aromatic
ring generation with PRISM. However, global molecular property distributions of the prior remain
largely unchanged when using geometry as a single reward, demonstrating that finetuning on our
geometric reward function does not affect sample diversity or cause unilateral biases (Appendix
Figure A3).

3.2 MULTI-OBJECTIVE OPTIMIZATION AND REWARD DESIGN

Next, building on successful geometric optimization, we investigated whether PRISM could si-
multaneously maintain geometric validity while optimizing pharmacophoric feature placement and
physicochemical properties. We show that PRISM successfully optimizes multi-objective rewards
for BRD4-BD1 and CA-II. However, for FXa, HIV-1-PR, and ERα, performance is highly target-
dependent: the model prioritizes different objectives based on reward landscape characteristics, with
some targets showing preferential optimization of pharmacophoric features over molecular proper-
ties, or minimal change when pharmacophore maps are sparse. Results for all targets can be found
in Appendix Section A1.5.

Figure 1 shows PRISM’s strongest performance on BRD4-BD1 in terms of pharmacophoric feature
placement, while CA-II exhibits an increase in maximum pharmacophoric scores, with the mean
remaining comparable to DiffSBDD. For molecular property scores, BRD4 shows only marginal
improvement over DiffSBDD, whereas CA-II demonstrates substantial gains, bringing the major-
ity of ligand properties into alignment with the reference ligands. Appendix Figure A6 shows an
example BRD4 molecule generated by PRISM, compared to DiffSBDD and a reference ligand.

As shown in Figure 1, FXa most notably exhibited dimensional collapse, as the initial reference
ligands provided sparse, non-directional pharmacophoric clusters. This is reflected by the low mean
achieved by the reference ligands on the same map, and as a result, the model failed to obtain a stable
3D gradient signal. Consequently, the optimisation defaulted to the densest available signal, namely
2D molecular properties. While this maximised the scalar reward, it led to “reward hacking” where
the model favoured low-complexity fragments (low MW, high SA score) that satisfy 2D heuristics
but lack the structural complexity required for the binding site. In Appendix Figure A5, the same
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Distribution of Molecular Property and Pharmacophoric Reward Scores Following Multi-objective Training

Figure 1: Distribution of molecular property (Rprop) and pharmacophore (Rpharm) reward scores fol-
lowing multi-objective training. PRISM (blue) and DiffSBDD (orange). Black dashed lines indicate
reference means. PRISM achieves higher pharmacophore scores for BRD4-BD1 and CA-II, and
consistently outperforms DiffSBDD in molecular property scores across all targets. In contrast, FXa
exhibits lower pharmacophore scores following optimization but improved molecular properties.
Values are aggregated over N = 30,000 molecules per method and per test set (10,000 per test
pocket).

Table 2: PoseBusters validity rates (PB-valid, %) following curriculum-based multi-objective train-
ing. All improvements are statistically significant at p < 0.001 (chi-squared test). N = 3, 000
molecules per target (1, 000 per test pocket).

Target PB-valid (%)
DiffSBDD PRISM

BRD4-BD1 44.9 70.0
CA-II 68.3 83.4
EGFR 47.9 61.3
ERα 58.4 83.3
FXa 39.5 63.5
HIV-1-PR 40.4 64.0

reward optimisation behaviour can be observed for ERα and, to a lesser extent, HIV-1-PR. Overall,
this is a reward design problem and future work for these targets could involve using a specific subset
of the pharmacophore map to prevent the policy from receiving confusing signals. Docking scores
may also prove somewhat useful or a reliable quantitative structure-activity relationship (QSAR)
model as the reward signal to optimise potency and properties rather than pharmacophoric feature
hotspots.

While multi-objective optimization exhibits target-dependent behavior in our case studies, PRISM
demonstrates that targeted optimization toward specific design objectives can be achieved without
sacrificing chemical diversity or novelty. PRISM maintains high novelty (> 99% across all targets)
and internal diversity almost like that of the baseline model to explore chemical space, while simul-
taneously improving SA scores relative to DiffSBDD (Appendix Table A4). The modest decrease in
diversity for some targets reflects policy convergence toward high-reward regions rather than mode
collapse.

Curriculum learning maintained geometric validity throughout multi-objective training, though with
target-dependent outcomes (Table 2). Some targets improved stereochemical validity (ERα and CA-
II to 83%, BRD4-BD1 maintained at 70%), while others showed modest decreases in comparison
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to our single objective geometric reward function (HIV-1-PR, FXa, EGFR). We hypothesize this
reflects the interplay between reward weights: with pharmacophore scoring weighted at 0.5, versus
geometry at 0.1, sparse pharmacophore maps may drive the policy toward feature placement at the
expense of geometric constraints. Critically, even targets showing decreased validity maintained
physically plausible structures above 60%, demonstrating that the geometric foundation prevents
catastrophic collapse despite competing optimization pressures.

4 CONCLUSION

We introduced PRISM, a hybrid RL-diffusion framework that enables rapid, flexible optimization of
3D structure-based diffusion models through custom reward functions. PRISM accommodates arbi-
trary, non-differentiable objectives without requiring dedicated regression models or differentiable
implementations for each objective. Fine-tuning with PPO achieved substantial improvements in
stereochemical validity and alignment with target-specific molecular property distributions while
maintaining high chemical diversity and novelty, demonstrating successful exploration-exploitation
balance in continuous 3D coordinate space. Our systematic evaluation reveals that sparse 3D signals
can lead to dimensional collapse toward more densely rewarded 2D objectives, highlighting reward
design as a central challenge for 3D RL-based molecular generation and motivating future work in-
corporating stronger 3D signals. While demonstrated on DiffSBDD, our approach is model-agnostic
and may be applied to other generative structure-based diffusion models. PRISM establishes a prac-
tical foundation for computational chemists to rapidly experiment with diverse design objectives,
opening new directions for targeted structure-based molecular optimization.

CODE AND DATA AVAILABILITY

Code for PRISM and instructions to the datasets are publicly available at https://github.
com/SanazKaz/PRISM.
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A1 APPENDIX

A1.1 TARGET SELECTION AND REFINEMENT

A1.1.1 TARGET SELECTION PROTOCOL

For each target, structures were retrieved from the RCSB PDB(Berman et al., 2000) with 100%
sequence identity to prevent mutations. Ligands were filtered using the PDB Chemical Compo-
nent Dictionary (CCD) (Westbrook et al., 2015): ligands were retained with 5-55 heavy atoms, at
least one carbon, and composed solely of H, B, C, N, O, F, P, S, Cl, Br, and I. Common non-drug
molecules (ions, sugars, amino acids, nucleotides, buffers, solvents, and cofactors) were excluded
using established blocklists (Radoux et al., 2016; Shao et al., 2022; Verdonk et al., 2008). Data was
prepared for training following steps outlined by Schneuing et al. (2024).

A1.1.2 TEST TARGET SELECTION PROTOCOL

Test structures were selected to capture binding site conformational diversity. Structures were
aligned using TM-align and clustered based on TM-score similarity matrices. Although cluster-
ing aimed to identify conformationally distinct pockets induced by different ligands, most targets
formed a single cluster, indicating limited conformational variation. For each target, we selected
three test structures: the highest resolution structure with a ligand bound, a conformationally distinct
structure if available, and a randomly selected structure to ensure unbiased coverage. All datasets
share 100% sequence similarity with their corresponding test targets by experimental design.

Table A1: Test structures for each target dataset.
Target PDB ID
BRD4-BD1 4WHW, 6FO5, 6XVC
CA-II 3K34, 5N0D, 6RL9
EGFR 3POZ, 4WKQ, 8A27
ERα 2QZO, 4IVY, 5KCT
FXa 1EZQ, 2P3T, 3KL6
HIV-1-PR 1HOS, 2QNN, 3T11

A1.2 DESIGN OF DBSCAN PHARMACOPHORE REWARD MAP

To generate the DBSCAN map, all PDBs for a given target were aligned using BioPython (Cock
et al., 2009) to a reference structure. Proteins were then removed and pharmacophoric features
(Donor, Acceptor, Aromatic, Hydrophobe, NegIonizable, PosIonizable, ZnBinder, LumpedHy-
drophobe) were extracted from the ligands using the RDKit feature factory (RDK).

Each feature was represented by its 3D coordinates and clustered independently per feature type
using DBSCAN, where a cluster was defined as a region of high feature density consisting of at
least 10 features (minimum samples = 10) such that each feature lay within 0.5 Å (ϵ) of at least one
other feature in the same cluster. However, for aromatic clustering, the minimum sample count was
reduced to 5 due to greater positional variability in aromatic binding across all targets.

Below is an example of how the 3D map is visualised alongside the aligned ligands for CA-II.
Multimeric PDB structures were separated into individual chains, and each chain was aligned inde-
pendently to preserve conformational variation across different chain environments.
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Aligned Pharmacophoric Feature Clusters for CA-II
Feature

Figure A1: Map used for the pharmacophoric feature reward created using DBSCAN.On the left, an
example of a cluster map for CA-II, covering aromatics (yellow), hydrophobic (brown), hydrogen
bond acceptors (red) and donor (blue) features. On the right, the aligned ligands from which the
clusters were formed are shown alongside the zinc atom sitting in the pocket which drives binding
for this target. Atoms colors: nitrogen: blue, oxygens: red, sulfur: yellow, carbon: white

.

A1.3 HYPERPARAMETERS & TRAINING DYNAMICS

The experiments were all run with the same hyperparameters, shown in Table A2 except for number
of epochs, which varied between 35-80 depending on the dataset. The most important of these for
stability was learning rate, which has to be significantly lower than other PPO and machine learning
models during training. The best seed out of 4 (42, 123, 789, 976) was chosen for further training
in the curriculum or for generation. We used a single H100 NVIDIA GPU. Wall clock time for
training varies depending on the reward function, however, training for the aforementioned rewards
never exceeded 6 hours.

Table A2: Hyperparameters used in all reward experiments. A single H100 GPU was used for all
runs. Epoch count is variable across datasets and optimisation success.

Category Hyperparameter Value

Data / Throughput Protein batch size 108
GPU configuration 1 × H100

Conditioning / Representation Conditioning mode Pocket conditioning
Pocket representation Full-atom

PPO Training Outer epochs (PPO cycles) 35-80
Inner epochs per rollout 2
Rollout length (nsteps) 216
PPO batch size 108
Clipping range 0.1

Optimization Gradient accumulation steps 42
Training timesteps 300
Learning rate 1× 10−5

Figure A2 shows PRISM optimising DiffSBDD with PPO for the geometry reward as a single ob-
jective across different seeds and all datasets.
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Figure A2: PRISM training across epochs with geometry as a reward for all datasets and multiple
seeds. As training progresses, mean reward increases over epochs consistently, showing successful
optimisation with RL.

A1.4 SINGLE OBJECTIVE GEOMETRY REWARD: FURTHER ANALYSIS

Table A3 exhibits detailed PoseBuster’s breakdown which reveals the model successfully optimised
for bond lengths, angles and internal steric clashes.

Table A3: Detailed PoseBusters failure rates by check type. Values show percentage of molecules
failing each individual check (molecules can fail multiple checks). N = 90,000 molecules per
method

Check Failures Failure Rate (%)
DiffSBDD PRISM DiffSBDD PRISM

Bond angles 29,387 14,891 32.7 16.5
Bond lengths 23,054 7,924 25.6 8.8
Internal steric clash 10,500 3,300 11.7 3.7
Non-aromatic ring flatness 1,336 1,127 1.5 1.3
Double bond flatness 1,183 1,121 1.3 1.2
Aromatic ring flatness 236 272 0.3 0.3

Figure A3 shows little difference between the distribution of the prior (DiffSBDD trained on Cross-
Docked2020 Francoeur et al. (2020)) and PRISM after training with the single objective geometry
reward. However, we note a slight increase in the number of rotatable bonds in all datasets except
BRD4-BD1. This likely stems from the fact single bonds require less precision than double, triple or
aromatic bonds in length and angles. Additionally, a decrease in overall ring count may be related to
the internal steric clash aspect of the geometry reward, as too large, or small rings tend to be culprits
for clashes in de novo generative models.
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Figure A3: Comparative analysis of molecular property distributions for PRISM vs. DiffSBDD
across datasets following training. Mean aliphatic, aromatic rings, hydrogen bond donors and accep-
tors, number of overall rings as well rotatable bonds are captured. PRISM shows a slight increased
propensity for rotatable bonds and makes fewer rings following RL training on single objective ge-
ometry reward. N = 30, 000 per test set per method

A1.5 MULTI-OBJECTIVE OPTIMISATION: FURTHER ANALYSIS

Chemical space analysis with t-SNE(A4) demonstrates an observable distributional shift where
PRISM-generated molecules occupy the chemical ”neighborhood” of known binders more densely
than the DiffSBDD prior for successfully optimised target, CA-II.
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Figure A4: Chemical space projection using PCA-augmented t-SNE. ECFP4 fingerprints (2048-bit,
computed with RDKit) were projected into two dimensions to visualize the generative manifold
relative to known binders for CA-II test target (PDB ID: 5N0D). Compared to the DiffSBDD prior,
PRISM exhibits a clear distributional shift toward the reference chemical space (dark blue stars).
N = 1,000 molecules per method.

Distribution of Molecular Property and Pharmacophoric Reward Scores Following Multi-objective Training

Figure A5: Distribution of molecular property and pharmacophoric reward scores following multi-
objective training. PRISM (blue) and DiffSBDD (orange) are shown, with reference means indicated
by black dashed lines. PRISM exhibits lower pharmacophoric feature scores but consistently higher
molecular property scores compared to DiffSBDD. Performance varies by target, with HIV-1-PR and
ERα showing stagnation in pharmacophoric scores, while EGFR exhibits mixed behavior. Values
are aggregated across N = 30,000 molecules per test set, per method.
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Table A4: Molecular diversity and drug-likeness metrics. QED: quantitative estimate of drug-
likeness. SA: synthetic accessibility (normalized, higher is better). Diversity: mean pairwise Tan-
imoto distance. Novelty: fraction novel vs training set. PRISM trained with multi-objective opti-
mization (geometry, pharmacophore, molecular properties). N = 3, 000 molecules per test set, per
method.

QED ↑ SA ↑ Diversity Novelty
Target DiffSBDD PRISM DiffSBDD PRISM DiffSBDD PRISM DiffSBDD PRISM

BRD4-BD1 0.44 0.44 0.55 0.60 0.60 0.54 1.0 1.0
CA-II 0.46 0.47 0.61 0.63 0.76 0.76 1.0 1.0
EGFR 0.38 0.33 0.52 0.52 0.56 0.49 1.0 1.0
ERα 0.61 0.55 0.56 0.63 0.70 0.67 1.0 1.0
FXa 0.36 0.21 0.57 0.63 0.71 0.76 1.0 1.0
HIV-1-PR 0.25 0.28 0.46 0.45 0.60 0.45 1.0 1.0

DiffSBDD PRISM Reference (4WHW)

Figure A6: Molecules generated using DiffSBDD (orange), multi-objective optimised PRISM (blue)
and the reference ligand (white) shown in BRD4-BD1 test pocket PDB: 4WHW (pink). PRISM
shows increased shape, molecular feature similarity as well improved geometric validity compared
to DiffSBDD.
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