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ABSTRACT

The rise of generative AI for de novo molecular design has fueled optimism re-
garding our ability to rapidly design compounds that yield favorable experimental
outcomes. To align computational predictions with practical drug discovery re-
quirements, generative workflows must expand beyond optimizing solely for pri-
mary target affinity. Generative models should optimize selectivity, which ensures
efficacy and safety; prioritize synthetic accessibility, which ensures that com-
pounds can be created in the lab; and directly integrate experimental data, which
ensures the properties that guide the generative model reflect reality. In this work,
we present ALPAQAFlow, a generative framework that optimizes compounds by
balancing on-target affinity and off-target selectivity, aiming to widen the thera-
peutic window. Our framework also enhances predictive accuracy by conditioning
on experimental values, grounding heuristic scores with empirical data. Lastly,
ALPAQAFlow extends recent advancements in reaction-pathway-based genera-
tion to ensure the resulting molecules are explicitly synthesizable. We put our
platform to the test in a simulated drug discovery campaign, using Boltz-2 as a
proxy for experimental affinity. Starting with a commercial library, we evaluate
a selection of molecules with our proxy, then use the yielded IC50 values to train
surrogate models. These models are used to guide ALPAQAFlow and to select
highly potent and selective compounds. We show that generated molecules exhibit
improved binding profiles relative to the best commercial compounds. This work
demonstrates how generative AI can effectively balance complex design parame-
ters in silico, aligning computational outputs more closely with the requirements
of downstream experimental validation.

1 INTRODUCTION

Designing novel molecules with desired properties is a key challenge in drug discovery. In silico
approaches have greatly accelerated pre-clinical timelines, with generative AI for de novo design
playing a crucial role (Stanley & Segler, 2023; Kanakia et al., 2025). Generative methods directly
model the distribution of molecular structures, allowing for efficient exploration of a larger chemical
space than is afforded by virtual screening (Walters, 2018; Graff et al., 2021). In particular structure-
based drug design (SBDD) has become increasingly popular (Luo et al., 2021; Schneuing et al.,
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2024; Shen et al., 2025) due to the availability of high resolution protein complexes, and further
enabled by the accuracy of co-folding models (Abramson et al., 2024; Passaro et al., 2025; Lemos
et al., 2025).

Despite the successes of generative AI in the early stages of the drug discovery pipeline, there
remains a gap when translating generated compounds into successful leads in the wet-lab (Mandal
et al., 2009; Gangwal et al., 2024). Most models do not guarantee synthesizability, which is a
prerequisite for in-vitro validation (Gao & Coley, 2020). Furthermore, there has been little focus
on designing selective inhibitors, with most structure-based models focusing on a single pocket
and ignoring structural homologs (Yoshizawa et al., 2022; Zou et al., 2025). Another hurdle is
that models are often validated by simplistic heuristic scores, that, despite being computationally
efficient, correlate weakly with experiment (Cheng et al., 2009; Guo & Schwaller, 2025).

While some models optimize heurstic proxies for synthetic accessibility (Cremer et al., 2024; Kadan
et al., 2025), they do not guarantee synthesizability and introduce a complex multi-objective opti-
mization with competing scores when co-optimized with affinity. Recent generative models sequen-
tially construct compounds from molecular building blocks and reaction templates, guaranteeing
synthesizability by construction (Cretu et al., 2025; Gao et al., 2025; Seo et al., 2025).

Some of these works employ Generative Flow Networks (GFlowNets) which are designed to sample
diverse objects generated by a sequence of actions, making them particularly suitable for synthesis-
based molecular design (Bengio et al., 2021). Notably, Shen et al. (2025) recently proposed CGFlow,
a model that interleaves pose prediction with synthesis-based molecular construction, bridging the
gap between SBDD and reaction-pathway-based design.

To address selectivity, it is possible to frame generation as a reinforcement learning (RL) problem,
where an agent learns to maximize the potency to a target, while jointly minimizing the affinity to
off-targets (Liu et al., 2021; Yoshizawa et al., 2022). Outside of RL, some works propose condition-
ing on a joint embedding of target and off-target sequences (Chenthamarakshan et al., 2020; Vincoff
et al., 2025). Within SBDD, Zou et al. (2025) propose a diffusion model capable of simultaneously
processing both on-target and selective pharmacophore features. They validate their approach in a
wet-lab experiment, successfully designing selective inhibitors for PARP1/2.

In this work, we introduce ALPAQAFlow (Augmented Ligand Pose Against Quantitative Anti-
targets GFlowNet). ALPAQAFlow extends CGFlow (Shen et al., 2025) while incorporating two
new key innovations; structural selectivity – ALPAQAFlow explicitly models the ligand’s pose
within off-targets, choosing successive actions by integrating structural information from multiple
environments; integration of experimental feedback – we use off-policy samples (Jain et al., 2022)
to directly integrate experimental observations into the training reward. We evaluate ALPAQAFlow
in a simulated campaign, showing that in a single virtual design-make-test (DMT) cycle, it is able
to generate molecules with superior potency and selectivity compared to the best molecules from a
large commercial library.

2 WORKFLOW

2.1 ALPAQAFLOW

GFlowNets (Bengio et al., 2021; 2023) are family of probabilistic models designed to amortize the
sampling of discrete, compositional objects in proportion to some reward model. In the context
of synthesizable molecular generation, consider the chemical space S, spanned by some chosen
molecular building block library B and a collection of reaction templates R, where each molecule
xN ∈ S can be represented as a sequence xN = ((C(i),S(i)))Ni=0 of building blocks C(i) ∈ B, that
are able to be composed according to R, and their associated 3D coordinates S(i).

ALPAQAFlow constructs a GFlowNet to sample synthesizable molecules in the chemical space S,
in proportion to a reward model R, conditional on some chosen target T and off-target1 OT proteins,
rewarding target potency and selectivity. In particular, ALPAQAFlow builds on CGFlow (Shen et al.,
2025) by parameterizing a policy network πθ to sample both building blocks and coordinates. This

1The setting of multiple off-targets follows in the natural way.
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Figure 1: Overview of ALPAQAFlow. ALPAQAFlow sequentially samples synthesis steps within
a chemical space composed of realistic reaction templates and building blocks filtered for unwanted
moieties. ALPAQAFlow chooses an action by conditioning on the partially built molecule C(i)

and it’s associated conformation in both the on-target, S(i), and off-targets structures, S′(i). AL-
PAQAFlow integrates experimental data via surrogate models and off-policy samples, allowing it to
create synthesizable, potent, and selective molecules.

is trained with the following trajectory balance loss (Malkin et al., 2022):

LTB(θ) =

[
log

Zθ(xN )
∏N

n=1 πθ(C
(n),S(n),S′(n)|xn−1,x

′
n−1, T,OT )

R(xN |T,OT )

]2

, (1)

where xn = ((C(i),S(i)))ni=0 and x′
n = ((C(i),S′(i)))ni=0 represent the same partially built

molecules2 but with conformations adapted to T and OT respectively, and Zθ denotes the learned
normalizing constant. Furthermore, πθ has the form:

πθ = πC
θ (C

(n)|xn−1,x
′
n−1, T )δS(n)=Fϕ(C(n),xn−1,T )δS′(n)=Fϕ(C(n),x′

n−1,OT ), (2)

where πC
θ is constrained to sample only from compatible building blocks as determined by the re-

action templates, δ denotes the Dirac delta distribution, and Fϕ samples from a pretrained diffusion
model3 with frozen weights ϕ. We see that this allows ALPAQAFlow to integrate structural infor-
mation from the off-targets to help inform generation. Finally, to implement πC

θ , we use the same
architecture as CGFlow but we now pass in the concatenated embeddings of xn−1 and x′

n−1 to the
graph transformer backbone used by CGFlow.

2.2 SYSTEMS

JNK3: The Jun N-terminal Kinases (JNKs) are part of the MAPK (Mitogen-Activated Protein Ki-
nase) signaling pathway. While inhibiting JNK3 (PDB: 7KSI) is a therapeutic strategy for neu-
rodegenerative diseases like Alzheimer’s and Parkinson’s (Feng et al., 2020), its highly conserved
ATP-binding pocket complicates drug design. High structural homology leads to unintended off-
target binding with JNK1 (PDB: 8X5M) and JNK2 (PDB: 8ELC) (Lu et al., 2023).

GLP-1R: Glucagon-like Peptide-1 Receptor, or GLP-1R (PDB: 7LCK), is a G protein-coupled
receptor (GPCR) and is widely targeted in metabolic disorders such as type 2 diabetes and obe-
sity (Hinnen, 2017). Recent works has shown the importance of understanding targetable differ-
ences in paralogs such as GCGR (PDB :8YW5) and GIPR (PDB: 7RBT) to reduce undesirable side
effects and increase target specificity (Sa et al., 2017).

HSP90α: HSP90α (PDB: 2XAB) is an ATP-driven chaperone involved in cell growth and prolif-
eration, and is of current interest as a cancer target due to its unique response to stress (Woodhead
et al., 2010). We focus on two other structurally similar chaperones HSP90β (PDB: 1UYM), and
GRP94 (PDB: IYT2), as a selectivity challenge for systemic toxicity (Wright et al., 2004).

2x0 = x′
0 represents the unique initial state.

3CGFlow and ALPAQAFlow enforces deterministic sampling from Fϕ to simplify the form of the policy
likelihood.
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3 RESULTS

Figure 2: Final evaluation of selected molecules according to Boltz-2 (Passaro et al., 2025).
For each initial selection strategy (clustered, stratified, random) and each method (eMoleculesinit,
eMoleculesfinal, ALPAQAFlow), we plot the potency and selectivity of top performing molecules
(top 10%) in pIC50 and the number of hits according to Boltz-2. Selectivity is measured as the
difference in pIC50 between the on-target and the most potent off-target. Hits are defined as having
a potency ≥ 7 and a selectivity ≥ 1.

We assess the utility of ALPAQAFlow by validating its performance within a simulated drug dis-
covery campaign. A typical campaign includes multiple DMT cycles, where each cycle consists of
designing, synthesizing, and experimentally testing candidate molecules. The resulting data from
each cycle is analyzed in order to guide successive cycles, with the ultimate goal to design viable
drug candidates (Ghiandoni et al., 2024). While in practice, this process needs to be repeated many
times to achieve success, in this experiment we evaluate the performance of ALPAQAFlow for de-
signing potent and selective molecules in a single virtual DMT cycle.

3.1 EXPERIMENTAL SETUP

Binding Affinity Oracle: We use a computational proxy for experimental binding affinity. Recently,
Passaro et al. (2025) proposed Boltz-2 – a co-folding model which can simultaneously predict ligand
pose and binding affinity. Boltz-2 was trained on millions of experimental values extracted from
ChEMBL (Zdrazil, 2025) and PubChem (Kim et al., 2025). Boltz-2 was shown to be the first AI
model to approach the accuracy of free-energy perturbation methods in estimating small-molecule
binding affinity while being approximately 1000 times faster.

In-stock Library: Due to the low cost of off-the-shelf molecules, in-stock libraries offer a way to
gather large amounts of data in the early stages of a campaign (Lyu et al., 2019). In our simulated
campaign, we make repeated use of the eMolecules in-stock library (eMolecules, Inc., 2026). We
filter the library to remove unwanted molecules through substructure filters that match moieties in
PAINS (Baell & Holloway, 2010), Brenk (Brenk et al., 2008), and other unwanted groups, detailed
in Appendix A.5. Additionally, groups that contain more than 1 acidic oxygen and more than 1
basic nitrogen are filtered out. We also filter the library to contain only molecules that are within
the chemical space of ALPAQAFlow. This facilitates off-policy training on samples evaluated with
the computational oracle. Filtering is achieved by running an exhaustive retrosynthetic tree search
(up to 3 synthetic steps) using the reaction templates and building blocks in ALPAQAFlow for each
molecule.
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Initial Molecule Selection: We begin our simulated campaign by selecting molecules from the in-
stock library for evaluation with our oracle, gathering valuable target-specific data for our systems.
We use three strategies to select initial molecules from the library – clustered, stratified, and random
selection. For clustered selection, we use BitBIRCH (Pérez et al., 2025) to quickly and efficiently
cluster the entire library. For stratified selection, we use Vinardo (Quiroga & Villarreal, 2016) to
score molecules. Random selection acts as a control for our other strategies. More details are
provided in Appendix A.1.

Experimental Feedback: We select 1000 molecules with each selection strategy for evaluation
with our computational oracle, evaluating the same molecules for each of our 9 systems. In a typical
campaign, molecules undergo an initial single-dose screen to identify significant bioactivity against
the intended targets. Promising molecules are subsequently progressed to multi-point dose-response
to accurately quantify their affinity. We emulate this process by masking molecules with an IC50

greater than 5 µM.

Surrogate Models: For each system, surrogate regression models are trained on the evaluated data.
Rather than training only on the unmasked IC50 values, we first train random forest binary classifiers
on the binder / non-binder data. We use the classifiers to annotate masked samples with approximate
IC50 values (see Appendix A.3 for details). Afterwards, we train Gaussian process regressors that
use a Tanimoto kernel on the combined data.

Chemical Space: We explore a chemical space that is constructed from the eMolecules building
block library (eMolecules, Inc., 2026) combined with a set of common and realistic reaction tem-
plates. The molecules from the building block catalog were first transformed to synthons (Shen et al.,
2025) with each molecule annotated according to 1 or 2 matching substructures from the reaction
template library, leading to synthons that can be used as terminal states or linkers, respectively. The
unreacted substructures of the synthons were then filtered by the same PAINS, Brenk, and functional
group filters described for the in-stock library. This procedure was selected to create molecules that
pass these filters by construction, since the reaction templates will not produce functional groups
that conflict with the filters, and the synthons themselves are filtered.

Training ALPAQAFlow: In order to guide ALPAQAFlow towards generating compounds which
are both potent and selective, we use a reward that promotes simultaneously optimizing both prop-
erties. We formulate the selectivity reward as,

R(x) = ReLU
[
pICT

50(x) ·
(

pICT
50(x)−max

{
pICOT1

50 (x), pICOT2
50 (x)

})]
, (3)

i.e., the on-target affinity multiplied by the minimum selectivity across both off-targets, passed
through a ReLU function. For each series, ALPAQAFlow samples 500,000 molecules during train-
ing, with a 50/50 split of within-policy and off-policy samples in each batch. More details on
off-policy training are included in Appendix A.2. Once trained, we sample 1,000,000 molecules
from the model for consideration in final candidate selection.

Final Molecule Selection: We use the trained surrogate regression models to select the top com-
pounds from the in-stock library and from the generated molecules. We first cluster molecules on
shared Bemis-Murcko Scaffolds (Bemis & Murcko, 1996), and then iteratively select up to 5 mem-
bers from the top performing cluster until we reach 1000 molecules. Clusters are ranked by their
maximum selectivity reward (Eq. (3)).

3.2 FINAL EVALUATION

We report both predicted statistics according to our surrogate models and true statistics according
to our computational oracle. We report potency in terms of pIC50. We report selectivity in terms of
difference in pIC50 values, i.e., the potency to the on-target minus the maximum potency to all off-
targets. We also report the number of hits and chemical series for each target. A hit is defined as a
molecule with IC50 ≤ 100 nM (pIC50 ≥ 7), and greater than 10× selectivity against both off-targets.
A chemical series is defined as a set of 3 or more molecules that share a common Bemis-Murcko
Scaffold (Bemis & Murcko, 1996), contain at least one hit, and all have potency better than 1 µM.
We report our findings in Fig. 2. Extended results can be found in Appendix A.6. ALPAQAFlow
shines in finding molecules which are simultaneously potent and selective, outperforming selections
from the in-stock library in all scenarios. It can be seen that the initial selection strategy has some
effect on the performance of ALPAQAFlow – when seeded with a stratified selection of compounds,
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it outperforms an exhaustive search of the in-stock library in terms of both potency and selectivity,
while it falls short in terms of selectivity using the two other selection strategies.

4 CONCLUSIONS

In this study, we introduce ALPAQAFlow, a generative model capable of designing synthesizable,
potent, and selective molecules. Additionally, we’ve introduced set of reaction templates and filters
to produce synthesizable and stable druglike compounds. We demonstrated ALPAQAFlow’s perfor-
mance against exhaustively searching an in-stock library of compounds in a virtual design-make-test
cycle. Our results show that ALPAQAFlow is able to consistently identify a greater number of po-
tent and selective compounds compared to exhaustively searching the library. This performance gain
comes from being able to produce highly potent molecules while keeping their selectivity moderate.
Future work will focus on generating molecules which are both highly potent and highly selective.
We’d also like to expand our set of reaction templates to allow for greater expressivity.
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A APPENDIX

A.1 SELECTION STRATEGIES

Clustered: We use BitBIRCH-Lean (Pickering et al., 2025b) to cluster the eMolecules in-stock
library. We follow the BitBirch best practices (Pickering et al., 2025a) to perfrom clustering. This
involves using the instant similarity (iSIM) framework (López-Pérez et al., 2024) to calculate the
average and standard deviation of the pairwise similarity of molecules within the library, which
yields an optimal threshold for clustering. The threshold is set to 0.336 and the branching factor is
set to 1024. This yields 13359 distinct clusters, with 1237 singleton clusters, and 1563 clusters with
more than 100 members. From each of the 1000 largest clusters, we select its medoid for inclusion
in our initial molecule selection.

Stratified: We evaluated the entire filtered in-stock library on the Vinardo (Quiroga & Villarreal,
2016) score through GNINA (McNutt et al., 2025) on each of the targets and off-targets. For each
molecule, plausible ionization states are generated, 3D conformers for each ionization state are gen-
erated, and each conformer is docked using GNINA. The lowest Vinardo score across all ionization
states, conformers, and docked poses for a given molecule is attributed to that molecule before strat-
ification. The stratification method tries to best represent the joint distribution of these assigned
Vinardo scores across each set of target and off-target triplets. For each protein, the distribution of
Vinardo scores is separated into deciles, and molecules are assigned into triplet bins based on the
decile they fall into for each of the on-target and off-targets. Finally, 1000 samples are drawn in
a round-robin manner from each bin, starting from the bins with the lowest average Vinardo score
(highest estimated affinity) to the highest. For all joint distributions in this paper, no bin was sampled
more than twice.

A.2 OFF-POLICY TRAINING

In ALPAQAFlow, 50% of each training batch comes from a labeled dataset D =
{(x1, y1), ..., (xn, yn)}, where each yi is an evaluation of our computational oracle on xi. Tra-
jectory balance (Eq. (1)) allows for off-policy samples because it is offline, meaning that predicted
flows do not depend on the policy used to sample trajectories (Jain et al., 2022). Specifically, if we
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use off-policy samples during training, the optimal policy π∗
θ remains the same under the assumption

that sampled trajectories sufficiently cover the space of all possible trajectories (Bengio et al., 2021).

To implement off-policy training in ALPAQAFlow, for each data point (xi, yi) ∈ D, we run ex-
haustive retrosynthetic tree search on xi using the reaction templates R and building blocks B that
make up the chemical space of ALPAQAFlow, yielding all valid trajectories terminating in xi. At
each training iteration, a random sample is taken from D, and for each sampled data point, a valid
trajectory is randomly chosen to be included in the batch.

A.3 SURROGATE MODELS

For all surrogate models, molecules are featurized using the Morgan fingerprint (Rogers & Hahn,
2010) with a bit length of 2048 and a radius of 3.

For each protein target, we fit a random forest classifier on the thresholded IC50 data to distinguish
between negative and positive samples. We use the random forest implementation from scikit-
learn (Pedregosa et al., 2011). We perform a hyperparameter search over the parameters specified in
Table 1 using Bayesian optimization for 20 iterations optimizing 5-fold cross-validation.

Hyperparameter Values

max depth {5, 10, 20, 40,None}
max features {0.3, 0.5, 1.0}

min samples split {2, 3, 4, 8}
n estimators {100, 200, 300}

Table 1: Hyperparameter search space for random forest classifier.

Once trained, we use the classifier to label negative samples for its respective protein target. Specifi-
cally, for a protein target with an associated threshold η, and a classifier C, we label negative samples
with a classifier weighted threshold,

ĨC50(x) = max{PC(x | IC50(x) > η) + 0.5, 1} · η,

with the rationale that molecules with PC ≈ 0.5 should have an IC50 value close to η.

Next, we fit a Gaussian process regressor that uses a scaled Tanimoto (Jaccard) distance for the
kernel,

k(xi,xj) = σ2

(
xi · xj

||xi||2 + ||xj ||2 − xi · xj

)
.

A hyperparameter search is performed over the variance parameter σ using Bayesian optimization
for 20 iterations, optimizing 5-fold cross-validation. This regressor is trained on the pIC50 values
from positive samples and the approximated pĨC50 values on the negative samples from the classifier
weighted threshold in the previous paragraph.

A.4 TRAINING DETAILS

Each individual training run is performed on an NVIDIA A100 GPU with 80 GB of VRAM. We kept
most of the same hyperparameters as Shen et al. (2025). The only general hyperparameters relevant
to our workflow can be found in https://github.com/tsa87/cgflow/blob/main/
src/gflownet/algo/config.py. In particular, we set the maximum trajectory length to
3, to only allow for molecules composed of up to 3 synthesis steps. We set the maximum number
of nodes allowed in a generated graph to 50, allowing for the generation of molecules with up to
50 heavy atoms. This matches the size of the largest molecule found in the eMolecules in-stock
library (eMolecules, Inc., 2026). We also modify the batch size according to our hardware, setting
it to 170, and the corresponding number of on-policy and off-policy samples each set to 85. All rel-
evant hyperparameters with their variable name in gflownet/algo/config.py can be found
in Table 2.
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Hyperparameter Values

max len 3
max nodes 51
batch size 170

num from policy 85
num from dataset 85

Table 2: Hyperparameters used when training ALPAQAFlow.

We include a plot of the average sampled potency of molecules during training for both the on-target
and two off-targets for each selection strategy and target series in Fig. 3. We plot the exponential
moving average of each value (bold lines) with a span of 100, and its volatility (shaded regions) by
taking the standard deviation of the rolling average with a window equal to 10.

Figure 3: Average potency of molecules to all systems per training batch. On-target potency is
shown in blue, while off-targets potency is shown in red. Individual plots for all target series and
selection strategies are included.

A.5 CUSTOM FILTERS FOR UNWANTED GROUPS

Additional custom filters for unwanted groups applied to both the in-stock library and the molecular
building blocks are shown in Table 3.

A.6 FULL RESULTS

Table 4 contains the full extended results for predicted statistics according to our surrogate models
and true statistics according to Boltz-2 (Passaro et al., 2025) for all selection strategies, methods,
and target series.
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Filtered groups SMARTS applied
Br [Br]
I [I]
Aldehyde [CX3H1](=O)[#6]
Azide [$([N-][N+]#N),$([N]=[N+]=[N-])]
Ester [#6][CX3](=O)[OX2H0][#6]
Ketone [#6][CX3](=O)[#6]
Acetal [CX4]([OX2H0])[OX2H0]
Alkyne C#C
Olefin [CX3]=[CX3]
Formamide [NX3][CX3H1](=O)
Hemiacetal [CX4]([OX2H1])[OX2H0]
Alkyl-NO [CX4][N][O]
Thiol [SX2H]
Epoxide [#6]1[O][#6]1
Aminal [NX3][CX4][NX3]
Hemiaminal [NX3][CX4][OX2H]

Table 3: Additional substructure filters to remove potentially unwanted functional groups. Some
filters are redundant with substructure filters that match PAINS and Brenk moieties.

Target Method Potencypred (↑) Selectivitypred (↑) Potency (↑) Selectivity (↑) # Hits (↑) # Series (↑)
Avg Top 10% Avg Top 10% Avg Top 10% Avg Top 10%

C
lu

st
er

ed

JNK3
eMoleculesinit - - - - 4.77± 0.58 5.76± 0.27 −0.34± 0.29 0.15± 0.10 0 0
eMoleculesfinal 4.43± 0.54 5.29± 0.12 0.43± 0.20 0.72± 0.08 5.08± 0.47 5.98± 0.25 −0.24± 0.29 0.29± 0.17 0 0
ALPAQAFlow 5.52± 0.20 5.86± 0.08 0.35± 0.14 0.53± 0.03 5.66± 0.54 6.64± 0.26 −0.35± 0.32 0.19± 0.10 0 0

GLP1R
eMoleculesinit - - - - 5.00± 0.48 5.85± 0.21 −0.07± 0.36 0.55± 0.16 0 0
eMoleculesfinal 5.34± 0.60 6.31± 0.23 1.42± 0.35 1.91± 0.09 5.50± 0.44 6.30± 0.19 0.07± 0.36 0.65± 0.14 0 0
ALPAQAFlow 6.19± 0.46 6.86± 0.12 1.33± 0.28 1.72± 0.10 6.22± 0.54 7.13± 0.19 −0.08± 0.39 0.58± 0.20 3 1

HSP90A
eMoleculesinit - - - - 4.85± 0.11 5.76± 0.08 −0.19± 0.11 0.32± 0.17 0 0
eMoleculesfinal 4.66± 0.49 5.50± 0.59 0.81± 0.44 1.21± 0.51 5.26± 0.18 6.10± 0.14 −0.07± 0.13 0.45± 0.15 0 0
ALPAQAFlow 4.70± 0.26 5.10± 0.07 0.01± 0.21 0.29± 0.06 5.81± 0.48 6.67± 0.18 −0.29± 0.35 0.26± 0.10 0 0

Summary
eMoleculesinit - - - - 4.77± 0.17 5.67± 0.17 −0.19± 0.09 0.32± 0.15 0 0
eMoleculesfinal 4.77± 0.47 5.62± 0.55 0.98± 0.48 1.44± 0.59 5.26± 0.15 6.08± 0.13 −0.01± 0.16 0.50± 0.16 0 0
ALPAQAFlow 5.47± 0.61 5.94± 0.72 0.56± 0.56 0.85± 0.63 5.90± 0.24 6.82± 0.22 −0.24± 0.12 0.34± 0.17 3 1

St
ra

tifi
ed

JNK3
eMoleculesinit - - - - 5.21± 0.60 6.28± 0.24 −0.36± 0.31 0.17± 0.12 0 0
eMoleculesfinal 5.36± 0.92 6.67± 0.16 0.20± 0.47 0.86± 0.21 5.24± 0.53 6.21± 0.25 −0.32± 0.31 0.19± 0.13 0 0
ALPAQAFlow 6.42± 0.54 7.06± 0.12 0.65± 0.18 0.91± 0.06 5.83± 0.69 6.94± 0.25 −0.24± 0.33 0.31± 0.12 0 0

GLP1R
eMoleculesinit - - - - 5.33± 0.50 6.24± 0.22 −0.11± 0.35 0.49± 0.16 1 0
eMoleculesfinal 5.35± 0.70 6.40± 0.21 1.07± 0.35 1.63± 0.15 5.40± 0.46 6.22± 0.27 0.05± 0.34 0.65± 0.12 2 0
ALPAQAFlow 6.66± 0.47 7.46± 0.05 1.60± 0.22 1.92± 0.06 6.21± 0.57 7.17± 0.19 0.18± 0.35 0.78± 0.15 3 0

HSP90A
eMoleculesinit - - - - 5.07± 0.52 6.04± 0.28 −0.12± 0.29 0.33± 0.10 0 0
eMoleculesfinal 4.63± 0.47 5.41± 0.14 0.80± 0.24 1.14± 0.08 5.20± 0.48 6.07± 0.23 −0.02± 0.30 0.46± 0.13 0 0
ALPAQAFlow 5.03± 0.33 5.70± 0.17 0.92± 0.16 1.14± 0.05 5.52± 0.47 6.34± 0.18 −0.31± 0.40 0.32± 0.18 1 0

Summary
eMoleculesinit - - - - 5.20± 0.11 6.19± 0.11 −0.20± 0.12 0.33± 0.13 1 0
eMoleculesfinal 5.11± 0.34 6.16± 0.54 0.69± 0.36 1.21± 0.32 5.28± 0.09 6.17± 0.07 −0.10± 0.16 0.43± 0.19 2 0
ALPAQAFlow 6.04± 0.72 6.74± 0.76 1.06± 0.40 1.32± 0.44 5.85± 0.28 6.82± 0.35 −0.13± 0.22 0.47± 0.22 4 0

R
an

do
m

JNK3
eMoleculesinit - - - - 4.99± 0.55 5.96± 0.22 −0.32± 0.34 0.26± 0.13 0 0
eMoleculesfinal 4.88± 0.72 6.03± 0.20 0.63± 0.36 1.26± 0.30 5.20± 0.63 6.31± 0.31 −0.16± 0.35 0.46± 0.16 0 0
ALPAQAFlow 7.10± 0.28 7.50± 0.06 0.78± 0.16 1.02± 0.05 6.40± 0.51 7.33± 0.19 −0.29± 0.34 0.32± 0.18 0 0

GLP1R
eMoleculesinit - - - - 5.26± 0.49 6.16± 0.25 −0.07± 0.36 0.54± 0.14 2 0
eMoleculesfinal 5.87± 0.60 6.89± 0.19 1.50± 0.29 1.97± 0.12 5.68± 0.42 6.42± 0.16 0.11± 0.36 0.72± 0.14 0 0
ALPAQAFlow 7.38± 0.33 7.87± 0.09 1.81± 0.23 2.13± 0.05 6.71± 0.51 7.56± 0.18 −0.02± 0.37 0.64± 0.17 3 2

HSP90A
eMoleculesinit - - - - 4.94± 0.49 5.85± 0.24 −0.13± 0.27 0.31± 0.12 0 0
eMoleculesfinal 4.21± 0.45 4.94± 0.15 0.77± 0.26 1.18± 0.10 5.13± 0.43 5.92± 0.21 −0.05± 0.28 0.40± 0.11 0 0
ALPAQAFlow 4.53± 0.37 5.05± 0.10 0.52± 0.23 0.85± 0.09 5.49± 0.50 6.39± 0.20 −0.16± 0.32 0.30± 0.12 1 0

Summary
eMoleculesinit - - - - 5.06± 0.14 5.99± 0.13 −0.17± 0.11 0.37± 0.12 2 0
eMoleculesfinal 4.98± 0.68 5.95± 0.80 0.97± 0.38 1.47± 0.36 5.34± 0.24 6.22± 0.22 −0.03± 0.11 0.53± 0.14 0 0
ALPAQAFlow 6.34± 1.28 6.81± 1.25 1.04± 0.56 1.34± 0.57 6.20± 0.52 7.09± 0.50 −0.16± 0.11 0.42± 0.15 4 2

Table 4: Full results of our simulated campaign. We report the potency and selectivity according
to our surrogate models, the potency and selectivity according to Boltz-2 (Passaro et al., 2025), as
well as number of hits and number of chemical series for each target series. Additionally, we report
aggregate statistics for each selection strategy, reporting the average potency, and selectivity (both
according to our oracle and our surrogates) as well as the sum of hits and chemical series found.
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