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Abstract

Make-on-demand combinatorial synthesis li-
braries (CSLs) like Enamine REAL have signif-
icantly enabled drug discovery efforts. How-
ever, their large size presents a challenge for
virtual screening, where the goal is to identify
the top compounds in a library according to a
computational objective (e.g., optimizing dock-
ing score) subject to computational constraints
under a limited computational budget. For current
library sizes—numbering in the tens of billions
of compounds—and scoring functions of inter-
est, a routine virtual screening campaign may be
limited to scoring fewer than 0.1% of the avail-
able compounds, leaving potentially many high
scoring compounds undiscovered. Furthermore,
as constraints (and sometimes objectives) change
during the course of a virtual screening campaign,
existing virtual screening algorithms typically of-
fer little room for amortization. We propose the
approximate-but-exhaustive search protocol for
CSLs, or APEX. APEX utilizes a neural network
surrogate that exploits the structure of CSLs in the
prediction of objectives and constraints to make
full enumeration on a consumer GPU possible
in under a minute, allowing for exact retrieval of
approximate top-% sets. To demonstrate APEX’s
capabilities, we develop a benchmark CSL com-
prised of more than 10 million compounds, all
of which have been annotated with their docking
scores on five medically relevant targets along
with physicohemical properties measured with
RDK:it such that, for any objective and set of con-
straints, the ground truth top-k compounds can
be identified and compared against the retrievals
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from any virtual screening algorithm. We show
APEX’s consistently strong performance both in
retrieval accuracy and runtime compared to alter-
native methods [1

1. Introduction

The search for novel therapeutic agents is a cornerstone of
modern medicine and drug discovery. In recent years, the
emergence of ultra-large combinatorial synthesis libraries
(CSLs), such as the Enamine REAL library, has signifi-
cantly transformed this pursuit. These libraries, containing
billions or even trillions of make-on-demand compounds,
offer an unprecedented opportunity to explore a vast and di-
verse chemical space, significantly increasing the potential
for identifying novel hit compounds with desirable prop-
erties. However, the sheer scale of these libraries presents
a formidable challenge to traditional approaches to virtual
screening.

State-of-the-art scoring functions used in virtual screening,
like docking/affinity/co-folding scores, are too computation-
ally expensive to render an exhaustive evaluation over mod-
ern CSLs, which number in the billions, practical. A num-
ber of virtual screening approaches have been developed
to identify high-scoring compounds from large compound
libraries under a limited evaluation budget. These methods
include heuristic algorithms (Sadybekov et al., 2022)), re-
inforcement learning (Pedawi et al., 2023} |[Klarich et al.,
2024; |de Oliveira et al., [2024), active learning (Graff et al.,
2021; Mehta et al.| [2021)), and approaches that utilize gen-
erative models constrained to the library (Pedawi et al.|
2022 ICretu et al., 2024; [Luo et al., 2024} \Gao et al., [2025)).
However, since these algorithms effectively assess only a
small fraction of the total library—usually less than 1% of
available compounds—they leave the vast majority of the
chemical space unexplored and potentially overlook valu-
able compounds. Many of the listed strategies above include
a surrogate modeling component, in which a more inference
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efficient model (such as a neural network) is trained to ap-
proximate the oracle scoring function to enable exhaustive
evaluation with the surrogate (Gentile et al., [2020; Graff]
et al., 2022)). But this too is impeded by the size of mod-
ern CSLs, which would naively require billions of neural
network evaluations to score exhaustively with the trained
surrogate. Indeed, the growing size of CSLs and the com-
putational demands of modern scoring functions in virtual
screening create a pressing need for more efficient and com-
prehensive approaches.

At its core, virtual screening can be framed as a search prob-
lem, where the objective is to identify the top &k compounds
that optimize a specific scoring function while satisfying a
set of program-specific constraints, namely desired physic-
ochemical or ADMET properties like molecular weight,
lipophilicity, and permeability. The ability to effectively
handle constraints is particularly crucial in a virtual screen-
ing: for any given drug discovery project, the number of
compounds in a screening library that violate these con-
straints can be orders of magnitude larger than those that
satisfy them. This often complicates the workflow and can
lead to the exploration of irrelevant chemical space or ag-
gressive post-filtering.

In this work, we introduce APEX (approximate-but-
exhaustive search), a new paradigm for searching ultra-large
CSLs that enables fast, declarative queries. Once trained,
an APEX model allows for efficient retrieval of the (ap-
proximate) top-k compounds from a CSL according to a
user-specified objective subject to a set of user-specified
constraints. More than a virtual screening algorithm, APEX
allows for low latency exploration of massive CSLs without
the need for a complex, iterative workflow. The core of this
capability is a neural network surrogate model that exploits
the library’s combinatorial structure and amortizes the com-
putation required for repeated querying, enabling real-time
search across the entire enumerated CSL with remarkable
efficiency on a modern GPU.

This paper details the theoretical underpinnings of the APEX
methodology and demonstrates its practical application in
virtual screening.

Conflict of Interest Disclosure. At the time this work was
conducted, the authors AP, JSR, BR, and IW were employed
by Numerion Labs, which develops and utilizes APEX as
part of its virtual screening platform. The authors DH,
KS, ES, and JZ are employed by NVIDIA, which develops
CUDA, in which the factorized top-k is implemented, as
well as the NVIDIA GPUs that were utilized in experiments.

2. Related Work

Virtual screening with surrogate models. The use of neu-
ral network surrogates to approximate expensive scoring

functions has been widely explored as a strategy for acceler-
ating virtual screening over large compound libraries. Deep
Docking (Gentile et al.| |2020) trains iterative QSAR models
on a docked subset to progressively filter a library, reducing
docking costs to a small fraction of the total. MolPal (Graff
et al.l 2021) frames virtual screening as a Bayesian opti-
mization problem, using a surrogate trained on a growing
labeled subset to guide acquisition over a fixed molecu-
lar pool; |Graff et al.|(2022)) later extended this with active
design-space pruning. MEMES (Mehta et al., 2021)) com-
bines Bayesian optimization with deep continuous molecu-
lar descriptors to achieve similar gains. These methods are
designed for libraries of up to ~10% molecules and scale
linearly with library size during surrogate inference, mak-
ing exhaustive evaluation with the surrogate a bottleneck
as libraries grow into the billions. By exploiting the com-
binatorial structure of CSLs, APEX learns to decompose
surrogate predictions into sums of pre-cached, per-synthon
scalar contributions, reducing the cost of scoring any com-
pound in the library to a small number of floating point
operations, enabling exact retrieval of approximate top-k
sets via a single GPU pass over the full library in seconds.

Protein-ligand representation learning for virtual screen-
ing. A complementary line of work learns joint protein-
ligand embeddings for virtual screening as a dense retrieval
task. ConPLex (Singh et al.l 2023) co-embeds proteins
and drug molecules in a shared feature space using a pre-
trained protein language model and contrastive learning
against decoy compounds, enabling rapid shortlisting across
large libraries. DrugCLIP (Gao et al., 2023} |2026) extends
this idea by training on large-scale structural data to align
pocket and ligand representations, enabling genome-scale
screening at up to ten million times the speed of traditional
docking. LigUnity (Feng et al.,[2025)) further unifies virtual
screening and hit-to-lead optimization in a single foundation
model through a hierarchical contrastive training objective.
All of these methods require encoding library compounds
individually; as|Gao et al.| (2023) notes, pre-encoding a 6-
billion compound library takes on the order of 30 hours per
target, with encoding time scaling linearly with library size.
APEX avoids this bottleneck entirely by factorizing predic-
tions over synthon contributions, and is complementary to
these methods, as the factorization strategy could in princi-
ple be applied on top of such models to enable exhaustive
screening against combinatorial synthesis libraries.

Synthon-based and hierarchical screening approaches.
Several methods exploit the building-block structure of
CSLs to reduce the effective search space. V-SYNTHES
(Sadybekov et al. 2022) performs hierarchical structure-
based screening by first docking minimal enumeration li-
brary fragments to identify promising scaffolds and then
iteratively elaborating these with synthons to select high-
scoring complete molecules, achieving greater than 1000-
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Figure 1. The APEX (approximate-but-exhaustive) search protocol, enabling rapid, on-the-fly virtual screening of ultra-large CSLs.
APEX consists of three main steps. Step 1: Train the surrogate. Given an enumerated and labeled dataset, a multi-task neural network is
trained to predict molecular properties of interest, like docking scores. Step 2: Train the factorizer. Given a CSL, the reaction factorizer
is trained to reconstruct embeddings of the surrogate model from reaction and R-group assignment pairs. The factorizer induces an
approximation of surrogate properties that is amenable to substantial amortization in executing top-k retrieval on ultra-large CSLs with
respect to those properties. Step 3: Run approximate-but-exhaustive search. Given a search query (e.g., minimize docking score on
target of interest subject to drug-likeness constraints), factorized surrogate properties are calculated for all compounds in the CSL and the
top-k are retrieved based on the objective subject to constraints. An efficient GPU implementation allows for running a top-k search with
k = 1 million on a 10 billion compound CSL in approximately 30 seconds with a single T4 GPU.

fold acceleration over exhaustive docking on an 11-billion
compound library. Thompson sampling (Klarich et al.|
2024) treats each reaction’s synthon pool as a multi-armed
bandit and maintains belief distributions over synthon score
contributions to guide sequential evaluation. Unlike APEX,
both approaches are iterative and require oracle evaluations
during search; neither natively handles constraints on molec-
ular properties. APEX, once trained, performs a single
exhaustive pass over the full CSL using cached synthon
embeddings, handles arbitrary combinations of objectives
and constraints without additional oracle calls, and supports
rapid amortization across queries.

Generative models for synthesizable chemical space. An
orthogonal approach to large-scale drug discovery uses gen-
erative models constrained to synthesizable chemical space.
Pedawi et al.|(2022)) introduced a graph generative model,
CSLVAE, in which the decoder is constrained to only re-
trieve compounds from a CSL. NGT (de Oliveira et al.,
2024) applies reinforcement learning over a CSLVAE la-
tent space to execute a virtual screen over ultra-large CSLs.
Other work, like SynFlowNet (Cretu et al., |2024), use
GFlowNets to sample synthesis pathways from building
blocks and reaction templates, and methods that project un-
constrained generative outputs onto synthesizable analogs
(Luo et al., 2024; |Gao et al.| 2025). It should be noted

that many of these approaches must effectively retrain or
re-optimize the policy for each new screening campaign;
changing a constraint or objective can often involve a new
round of model fine-tuning or policy optimization, offer-
ing little amortization across screens. By contrast, APEX
separates the one-time training cost from search execution,
allowing modifications of query objectives and constraints
to be run without any retraining and quickly.

Factorization-based retrieval. The use of additive or bi-
linear factorizations over structured input spaces has a well-
established history in machine learning, most notably in
recommender systems. Factorization machines (Rendle}
2010) and related matrix factorization methods (Koren et al.,
2009) model feature interactions using factorized latent vec-
tors, enabling efficient collaborative filtering at scale. APEX
employs an analogous decomposition, i.e., the surrogate em-
bedding of a product molecule is approximated as a sum of
per-synthon associative contributions, reducing exhaustive
evaluation over tens of billions of compounds to a cached
lookup over a few hundred thousand synthon vectors. To our
knowledge, APEX is the first method to apply factorization-
based retrieval to virtual screening of combinatorial synthe-
sis libraries.
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3. Data

3.1. Combinatorial Synthesis Libraries

A combinatorial synthesis library (CSL) is organized into
a collection of multi-component reactions, each of which
has a fixed number of components called R-groups which
indicate placeholders for molecular building blocks called
synthons. Hence, each product in a CSL can be identified
by its reaction and R-group assignment. Due to their combi-
natorial design, commercially available make-on-demand
CSLs such as the Enamine REAL library span a chemical
space numbering in the tens of billions of compounds today
from a few hundred thousand synthons. We refer the reader
to Appendix [A.T]for a self-contained description of the CSL
formalism and the associated encoder hierarchy.

In this work, we designed our own open CSL as an alter-
native to existing proprietary CSLs for benchmarking and
reproducibility purposes. We used a random sample of 1
million “lead-like” compounds from the ZINC22 database
(Tingle et al., |2023)) as a starting point for library construc-
tion. Our main focus here is on developing a large virtual
library of valid CSL-like molecules, so we do not consider
or ensure synthetic feasibility. We used the BRICS fragmen-
tation algorithm (Degen et al., 2008)), which breaks specific
bonds based on defined chemical environments, to frag-
ment each sampled molecule into two or three fragments.
Each fragment is labeled with numbered pseudoatoms at the
break points, with the BRICS rules determining which pseu-
doatom types can be joined to form a new bond. We applied
the BRICS rules (as implemented in RDKit) to enumerate
two- and three-component reactions that recombined these
fragments into valid chemical products. This results in a
set of fragmentation rules and fragments analogous to the
reactions and synthons of a CSL.

Our final CSL comprises over 10B molecules and is by
design evenly split between two- and three-component re-
actions. Additionally, we generated two smaller libraries
by uniformly downsampling each reaction. These smaller
libraries contain over 12M and 1M products and are fully
enumerated to enable exhaustive docking and calculation
of physicochemical properties. To address data leakage
concerns, for all experiments in the paper, the surrogate is
trained on the 1M compound CSL and evaluation is per-
formed using either the 12M or 10B compound CSLs.

3.2. Docking Scores and Physicochemical Properties

For benchmarking purposes, we selected five diverse pro-
tein targets: PARP1 (an enzyme), MET (a kinase), DRD2
(a GPCR), F10 (a protease), and ESR1 (a nuclear receptor).
Receptor structures and binding sites were obtained from
the DOCKSTRING dataset (Garcia-Ortegon et al., [2022]).
Molecules from this smaller library were embedded with

RDKit and docked against these five targets using an acceler-
ated implementation of the AutoDock Vina (Trott & Olson,
2010) scoring function designed to run on GPU (Morrison
et al.} 2020). In addition to docking scores, we calculated
various physicochemical properties (e.g., molecular weight,
number of hydrogen bond donors and acceptors; full list can
be seen in Figure[6)) for each molecule in this enumerated
library.

4. Methodology

Given a CSL D, which defines the chemical space Xp of
eligible compounds, our goal is to identify the top-k com-
pounds from the library that maximize an objective subject
to constraints. This retrieval problem can be expressed as

Xi =
; arg max > folx),
‘Xk‘gk x€Xk (1)
subjectto  4; < fi(x) < g,

Vx € Xi,i=1,...,m,

where fy : X — R is the objective and f; : X — R,
i =1,...,m, are the constraints with bounds ¢; < w;. This
problem is complicated by the present and rapidly growing
size of CSLs, | Xp| > 10!, combined with the fact that
many objectives and constraints of interest—such as dock-
ing or co-folding scores—are computationally expensive to
evaluate, which precludes exhaustive evaluation. We can re-
lax (T by substituting the original objective and constraints
with surrogate models:

X} = arg max g fo(x),
XrCXp
| X<k X€Xk

. . 2
subjectto  4; < f;(x) < uy,

Vx € Xi,i=1,...,m,

Neural network surrogates that operate directly on a 2D
molecular graph or a 1D representation like SMILES are a
good choice, but exhaustive evaluation of ultra-large CSLs
with such surrogates is still far from a routine computational
task, requiring O (| Xp|) neural network evaluations.

We develop a surrogate-based modeling strategy that permits
to be solved efficiently for ultra-large CSLs. First, let
us discuss the parameterization of the surrogate models
admissible under this design.

4.1. Surrogate Model Parameterization

Let g9 : X — R? be a neural network that encodes a
molecule x € X into a d-dimensional embedding space.
We place no restrictions on gy beyond this, i.e., it can be
a transformer that operates on the SMILES representation
of x, a GNN that operates on a 2D graph representation of
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x, or some other similarly appropriate choice. We model
each task ¢ = 0, ..., m as a linear function of the molecular
embedding,

fi(x) =w/ go(x) + b;, A3)

where w; € R and b; € R. Given labeled data from each
task, written p; (x, y) where y = f;(x), the surrogate model
is trained to minimize the prediction error relative to ground
truth:

min L(6,W,Db), )
9, WER(m+1)xd heRm+1

where
L(O,W,b) =

> Epx)Bae) (Wi (96(x) +€) + i — y)?] .
=0
5

The surrogate is trained with noise added to the embeddings,
sampled from a simple distribution p(g) like an isotropic
normal. The relevance of this particular detail will be ex-
plained shortly.

4.2. Factorization of Surrogate Embeddings

As areview (see |Pedawi et al.| (2022)) for additional details),
we can represent a CSL D = (T, R, S, v, ¢) hierarchically,
with synthons (molecular fragments) .S at the bottom of the
hierarchy, R-groups R in the middle, and reactions T at
the top. Every synthon index s € S is associated with a
corresponding molecular representation x; € X, (again,
SMILES or 2D graph), where X, O X extends X to in-
clude attachment points, represented by the token “*”. An
R-group, denoted by the index r € R, is comprised of
a set of synthons that constitute valid assignments to the
associated component in a multi-component reaction. A
multi-component reaction ¢ € T, together with a valid
assignment of synthons to their constituent R-groups, pro-
duces a single molecule via chemical synthesis as output.
We denote by ¢ : T — P(R) the function that re-
turns the set of R-groups 17, z(t) C R associated with
a reaction t, where P(-) denotes the power set function.
Similarly, ¥p_s : R — P(S) returns the set of syn-
thons ¥ i, 5(r) C S that can be assigned to a particular
R-group. Each molecule in D can be referenced by a multi-
index, denoted by x = (¢, {(r,s) : 3s € Yr_s(r),Vr €
Y1 r(t)}), which describes the reaction and R-group as-
signment used to construct the molecule, x := ¢(x).

We utilize the design proposed in [Pedawi et al.| (2022) to
model an associated hierarchy of representations that de-
scribe the library at these three levels of resolution. First,

the SynthonEncoder : X, — Rds produces an em-
bedding for each synthon s as a function of its molecu-
lar representation x,. Next, a deep set network called the
RgroupEncoder : R4 x .- x R% — R~ produces an
embedding for each R-group r as a function of the represen-
tations of its constituent synthons. Finally, another deep set
network, ReactionEncoder : R x ... x R — RIT,
produces an embedding for each reaction ¢ as a function
of the representations of its constituent R-groups. This is
described by the following computational stack:

hf = SynthonEncoder(xs), 6)
hf = RgroupEncoder({hSS Vs € Ypras(r)h), (D

h7 = ReactionEncoder({h% :Vr € ¥r_r(t)}).
(®)

From these representations, we aim to reconstruct the
molecular embedding gg(¢(x)) as a function of the as-
sociated multi-index x in a manner which will permit
fast and efficient approximations of (3). To do this, we
model the embedding space of gy via a linear associative
map of the R-group assignments. In particular, we intro-
duce a SynthonvValueEncoder : R% — R and
RgroupKeyEncoder : R x R9T — R¥*9 which
produce intermediate representations that are combined as
follows to arrive at a prediction of the molecule’s latent
representation:

v, = SynthonValueEncoder(h¥), ©)

K, = RgroupKeyEncoder(h’, hiR%T(T))’ (10)

Urs = KTVS7 (11)

nx) =D u. (12)
(rs)ex

The SynthonEncoder, RgroupEncoder,

ReactionEncoder, SynthonValueEncoder,

and RgroupKeyEncoder all combine to form the
ReactionFactorizer or just the “factorizer” for
short, which we represent by the function g, (x). Given
a library D and the frozen surrogate encoder gg, we train
the factorizer to minimize the reconstruction error of the
surrogate embeddings,

min - Epyp) [llge(¢(x)) = ax ()113] - (13)
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4.3. Putting it Together

We can factorize the surrogate predictions by substituting
(T2) into (@), which simplifies as follows:

fi00 = w/ 9x00) + b, (14)
=w [ D ws| +b (15)
(r,s)ex
_ T
= > wlu+b, (16)
(r,s)€x
= Y ipetb (17)
(r,s)Ex

where the v; , s terms are called synthon associative con-
tributions. We use the shorthand f;(x) to denote f;(¢(x))

when x = ¢(x), i.e., we can express fi: Xp — R. We
call the expression in the approximate-but-exhaustive
(APEX) factorization, because it permits us to solve the top-
k problem (2)) under the approximation via exhaustive
evaluation on D:

X = ;
; arg max > fox),
|Xp|<k  *XE€Xk
R (18)
subjectto  ¢; < f;(x) < uy,

Vx € Xi,i=1,...,m.

Since the surrogate is trained with noise added to the embed-
dings as per (3) (and therefore learns embeddings whose lin-
ear projections are robust to such perturbations), the APEX
prediction induced by the substitution in is robust to
the so-called errors-in-variables problem (Griliches| [1974).
The addition of isotropic normal noise in (3)) is therefore a
technique to statistically regularize the surrogate to ensure
that it remains robust to the subsequent factorization.

To demonstrate, let’s consider a simplified CSL comprised
of a single three-component reaction with 10,000 distinct
synthons for each R-group, i.e., |S| = 30,000. This yields
a total of one trillion products in D. Exhaustive screening
with fg would therefore require one trillion neural network
evaluations. APEX, on the other hand, produces all interme-
diate representations for the library with just 30,000 neural
network evaluations. The associative embeddings (TT]) can
be cached as a | S| x d matrix for later re-use. Supposing
d = 1024, this would require about 120 MB of memory. In
contrast, to cache the latent representations for all of the one
trillion products in D would require about 4 PB of memory.
With the associative embeddings in our possession, we can
calculate their dot products with the task weight w;, which
is just 2|S| x d — |S| = 61.41 million floating point oper-
ations. Once these terms have been computed, each f;(x)
can be calculated with just a few floating point operations

(three in this case: the summation of the three synthon asso-
ciative contributions and the bias term b;). Hence, we can
approximate the surrogate predictions for all compounds in
D with just three trillion floating point operations (i.e., 3
TFLOP). Noting that the NVIDIA Tesla T4 GPU is able to
perform 8.1 TFLOPS, the APEX factorization theoreti-
cally permits evaluation of all one trillion compounds in the
CSL in just a few seconds.

To construct the top-k set X « for the retrieval problem (I8),
we can stream the pre-computed synthon associative con-
tributions for each task and add them with the bias to form
the APEX prediction (7). We can compute the constraint
violation under the APEX predictions,

é(x) = — Z max(0, {; — fz(X»
=S max(0, fi(0) —w),  (19)
=1

which is zero if all of the predicted constraints are sat-
isfied and negative if there is any violation. Hence, for
each compound in D, we form a two-dimensional vector

(¢(x), fo(x)) that is used to enter compounds into a prior-
ity queue of size k that organizes them in lexicographical
order. Once we have exhausted through all compounds in
D, we can remove any compound from the top-k set where

é(x) < 0. The result is the solution X to (T8).

4.4. Top-k Retrieval

The exposition in the previous subsection on runtime only
considers evaluation of APEX predictions over the entire
CSL and ignores overhead introduced by maintenance of
the top-k set. APEX implements custom top-k algorithms
for the CPU and GPU within a PyTorch CUDA C++ exten-
sion module. The CPU PyTorch operator calculates each

molecule’s APEX objective fo(x) and constraint violation
¢(x) on the fly and streams them directly into a priority
queue. However, APEX is uniquely suited for the GPU, as
it requires only a small initial data transfer from CPU to
GPU, and all intermediate calculations can be performed
entirely on-GPU. To leverage the high compute capability
and memory bandwidth of the GPU, the CUDA PyTorch
operator employs a chain-of-batches strategy with the GPU-
compatible AIR top-k algorithm (Zhang et al.,[2023). Addi-
tional details are provided in Appendix

5. Evaluation

To demonstrate APEX’s capabilities on a variety of pertinent
virtual screening queries, we evaluate its ability to accurately
retrieve the top-k compounds in a large, representative CSL
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Figure 2. (A) Percent of compounds in the ground truth top-j set retrieved by the APEX top k£ = 100,000 set from the 12M compound
CSL. A random baseline will achieve a recall below 0.01. (B) Constraint satisfaction rates for the APEX retrievals. Black line denotes the
base fraction of satisfying compounds in the library for each set of constraints. (C) Recall of different top-j sets without constraints as a
function of increasing evaluation budget. Recall is averaged over all five targets, with error bars showing the standard deviation. Per-target
recall curves are shown in Figure@of the Appendix. The dashed line corresponds to k£ = 100,000, the budget used for (A) and (B).

by docking score across the five selected targets (PARP1,
MET, DRD2, F10, and ESR1) and against a number of
relevant constraint sets used in drug discovery (described in

Appendix [A77).

In all reported experiments, the surrogate is trained on the
IM compound CSL described in Section [3](this is the only
step in which labels are provided to the model) and the
factorizer is trained on either the 12M or 10B compound
CSL (in the absence of labels) to reconstruct embeddings
produced by the trained surrogate model. We use an embed-
ding dimension of d = 64. No extensive hyperparameter
tuning was performed; we opted for a lightweight model for

purposes of demonstrating APEX (but note that runtime for
APEX search is not a function of d once pre-calculations
have been performed).

5.1. Top-k Retrieval

For a library D, objective fy, constraints {(f;, £;, u;)}™ 4,
and evaluation budget k£, we are ultimately interested in
a screening algorithm’s ability to accurately retrieve the
ground truth top-j set X J* in (]ID, where 7 < k. For example,
we might have the budget to evaluate £ = 100,000 com-
pounds but wish to quantify what percent of the top-j = 100
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were correctly retrieved. For APEX, this quantity can be
expressed simply as

| X7 N XE

Recall-j-at-k = »
| X1

(20)

Of course, this requires knowing the ground truth top-j set
X7 for a given search query. We use the 12M enumerated
and exhaustively scored CSL to perform such an evaluation.

Results are shown in Figure 2JA. With a budget of k =
100,000 retrievals (representing 0.803% of compounds in
the CSL), the ground truth top-;7 compounds are recovered at
rates far exceeding selection with a random baseline across
all targets and for all sets of constraints. In addition to
the search without constraints, the recall is highest for the
Veber set of constraints, which are the least stringent and are
satisfied by most compounds in the library (Figure[2B). The
Astex Rule-of-3 constraints are designed for fragment-based
drug discovery but we include them here as an example of a
more stringent constraint set. While the rate of constraint
satisfaction is lowest for this set, it is still much higher than
the baseline rate of constraint satisfaction in the library.

5.2. Comparison with Thompson Sampling

We compare APEX against the Thompson sampling (TS)
algorithm of Klarich et al.|(2024)), which was specifically de-
signed for screening ultra-large CSLs. Thompson sampling
(Thompson, [1933)) is a classic Bayesian decision-making
strategy in which a belief distribution over expected rewards
is maintained for each action, an action is selected by sam-
pling from these beliefs, and the distribution is updated upon
observing the outcome. In the context of CSL screening,
Klarich et al.| (2024)) instantiate this principle in synthon
space: for each reaction, independent belief distributions
are maintained over the expected reward contribution of
each synthon, synthon combinations are sampled accord-
ing to these beliefs and evaluated with the oracle, and the
distributions are updated accordingly.

Crucially, this TS implementation operates separately on
each reaction, i.e., the multi-armed bandit is defined at the
level of a single reaction’s synthon pool, and results are
aggregated across reactions post hoc, which limits its ability
to jointly optimize over the full library. As TS is run on
each reaction separately, we limit the comparison to the top
five largest reactions in our 12M CSL (in total comprising
over 4 million products). The total number of evaluations
for TS is |:S| x w + 4, where S is the set of synthons for that
particular reaction, w is the number of warmup steps, and ¢
is the number of TS iterations and output molecules.

We run TS for 100, 1,000, or 10,000 iterations, with 3
warmup steps for two-component reactions and 10 for three-
component reactions (as suggested in [Klarich et al.| (2024)).

As this TS implementation does not directly support con-
straints on molecular properties, we perform the compari-
son in the unconstrained case for both APEX and TS, only
minimizing docking score as the objective. Full results
are shown in Figure[9]in the Appendix. While results vary
across targets and reactions, APEX consistently outperforms
or matches TS at recalling the top-j compounds, showing
particular strength at lower evaluation budgets.

5.3. Docking Score Enrichment on Ultra-Large
Libraries

Figure[/|plots the empirical CDF of docking scores across
the five targets for the APEX top-k set in both the 10B and
12M compound CSLs against the background distribution of
scores from the 12M compound library. This result demon-
strates clear enrichment in the APEX top-k sets relative
to the background set, and further highlights the value of
screening larger CSLs to identify higher scoring compounds
enabled by APEX’s accelerated runtime and ability to scale
to ultra-large combinatorial libraries.

5.3.1. ZERO-SHOT APPLICATION TO THE ENAMINE
REAL LIBRARY

In addition to the BRICS CSLs, we also apply APEX to the
commercial Enamine REAL library (9-2024 version). This
library contains more than 70B compounds and serves as
a test of APEX’s generality, both in scaling to even larger
library sizes and as an application of a pretrained surrogate
and factorizer in a zero-shot manner.

Figure[7] presents the docking score distributions from this
library alongside a background score distribution generated
from 100,000 random compounds. Despite the surrogate
and factorizer being trained on a different, much smaller
library, APEX is able to enrich docking scores with respect
to the background distribution of the Enamine library and,
in most cases, with respect to the top-k of the 10B BRICS
library. The lowest enrichment is from MET kinase, which
also corresponds to the largest drop-off in R-squared in this
zero-shot application of the factorizer (Figure[6]in the Ap-
pendix). While these results demonstrate APEX’s capabili-
ties in a zero-shot context on ultra-large vendor CSLs today,
even greater docking score enrichment is likely achievable
through fine-tuning the surrogate (and subsequently the fac-
torizer) using labeled data from the target CSL.

5.4. Execution Speed of APEX on Ultra-Large CSLs

Table [1] reports runtimes of APEX top-k search on the
BRICS and Enamine libraries for different choices of k,
evaluated on a single NVIDIA Tesla T4 GPU. The reported
runtimes represent end-to-end execution, i.e., from prob-
lem specification to an output dataframe with APEX top-k
SMILES and their associated APEX-predicted objective
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and constraint values. In screening the 10B and 70B com-
pound libraries, we observe an order of magnitude speedup
in runtime when using the GPU top-k implementation as
opposed to CPU. Further, as constraints are included, the
gap widens significantly, with the CPU implementation’s
runtime increasing approximately linearly in the number of
constraints added. Using the GPU top-k implementation,
APEX is able to retrieve the approximate top £ = 1,000,000
compounds from a 10B compound library in less than thirty
seconds under standard drug likeness constraints, making it
a highly performant and scalable search protocol for ultra-
large CSLs.

Unconstrained

k  BRICS 12M  BRICS 10B REAL 70B
10,000 0.3(0.4) 10.9 (130.7)  168.4 (838.5)
100,000 1.2(1.2) 11.6 (131.4)  169.3 (847.2)
1,000,000 109 (12.7)  21.2(147.6) 184.0 (858.9)

Lipinski Rule of 5

k  BRICS 12M  BRICS 10B REAL 70B
10,000 0.3 (0.7) 13.9 (437.7) 186.1 (3163.2)
100,000 0.9 (1.7) 14.6 (443.7) 187.5(3184.6)
1,000,000 10.8 (12.9) 24.3(462.2) 202.4(3142.5)

Table 1. Runtime of APEX top-k search across constraints and
library sizes in seconds. Times are averaged over five runs (one
with each target’s docking score as an objective), with GPU run-
time reported first and CPU runtime reported in parentheses.

6. Conclusion

In this paper, we proposed the APEX search protocol for
the virtual screening of combinatorial synthesis libraries, en-
abling the rapid execution of declarative queries that scales
to ultra-large libraries (in excess of 10 billion compounds).
While traditional virtual screening algorithms are limited by
design to evaluate only a small fraction of the eligible search
space, APEX enables a fast, exhaustive evaluation over the
entire search space by taking advantage of the structure
of CSLs. This allows researchers to rapidly identify high-
scoring compounds virtually that satisfy design constraints.
We demonstrated APEX’s capabilities on a benchmark CSL
of over 10 million compounds, all annotated with ground
truth docking scores and physicochemical properties. Our
results show that APEX consistently achieves high recall
rates for the ground truth top-k compounds at low k& and
effectively satisfies diverse constraint sets, far exceeding
random baselines.

APEX is a significant step towards making exhaustive vir-
tual screening a routine computational task. Its ability to
efficiently screen entire CSLs ensures that valuable, high-
scoring compounds are not overlooked. Moreover, due to
its rapid execution speed—virtually screening a CSL in ex-

cess of 10 billion compounds in less than 30 seconds with
a single Tesla T4 GPU—APEX enables rapid hypothesis
testing and interactive exploration of chemical space.
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A. Appendix
A.1. Combinatorial Synthesis Libraries

A combinatorial synthesis library (CSL), D = (T, R, S, ¥, ¢, ¢), is organized hierarchically across three levels: synthons
S at the bottom, R-groups R in the middle, and reactions 7 at the top.

Synthons. A synthon s € S is a molecular building block, i.e., a molecular fragment with annotated attachment points,
represented as a molecular graph or SMILES string x, € X*, where X* D X extends the space of complete molecules to
include attachment point tokens.

R-groups. An R-group r» € R is a placeholder component in a multi-component reaction, spanned by a set of eligible
synthons. The function ¢z _,s : R — P(S) returns the set of synthons ¢z _,s(r) C S that are valid assignments for a
given R-group r, where P(-) denotes the power set.

Reactions. A reaction ¢ € 7 is a multi-component synthesis rule that combines one synthon per R-group to produce a single
product molecule. The function ¥»7_,% : T — P(R) returns the set of R-groups )7, (t) C R associated with reaction t.

Each product in D is uniquely identified by a multi-index x = (¢, {(r, s) : s € Yr_s(r), Vr € Y7 g (t)}) describing its
reaction and R-group assignment, and the synthesis rule ¢ maps this multi-index to a product molecule x := ¢(x).

Due to the combinatorial design of CSLs, the number of products grows multiplicatively with the number of synthons per
R-group. For example, a library containing a single three-component reaction with 10,000 synthons per R-group enumerates
a chemical space of one trillion products from only 30,000 synthons (10,000% = 10'2). Commercially available CSLs
like Enamine REAL achieve tens of billions of synthetically accessible products from a few hundred thousand synthons
distributed across hundreds of reactions.

Encoder hierarchy. The APEX factorizer mirrors this three-level hierarchy with a corresponding stack of neural network
encoders (see Section 3.2 for full details). At the bottom, the SynthonEncoder processes the molecular graph of each
synthon s to produce a synthon-level embedding:

hf = SynthonEncoder(xy). 21
A deep set network, the RgroupEncoder, then aggregates the synthon embeddings belonging to each R-group 7:
hR = RgroupEncoder({hS : Vs € ¥r_ss(r)}). (22)

Finally, another deep set network, the React ionEncoder, aggregates the R-group embeddings belonging to each reaction
t:
h] = ReactionEncoder({RR : Vr € Y1 (t)}). (23)

These representations form the basis for the SynthonvalueEncoder and RgroupKeyEncoder that produce the
synthon associative contributions v; ,. s used in the APEX factorization ((T7)). Once computed, these contributions are
cached for all synthons in the library, so that scoring any compound at search time requires only a small, fixed number of
additions regardless of library size. This encoding procedure scales as O(|S| + |R| + | T|), which is logarithmic relative to
the O(|D]) cost of encoding each product individually, and is performed once per library.

We refer the reader to [Pedawi et al.|(2022) for additional background.

A.2. The Virtual Library

Figure ] displays twenty randomly selected molecules from the 10B compound CSL constructed as part of this study. In
Figure 3] the distribution of molecular properties for the fully enumerated 12M compound CSL are shown for both two- and
three-component reactions. We note that compounds originating from three-component reactions tend to be larger than
those from two-component reactions.

A.3. Description of Computational Endpoints
Table 2] provides a full list of the molecular property and docking score endpoints considered in this study.

Docking scores against the five protein targets (PARP1, MET, DRD2, F10, and ESR1) were computed using CUina
(Morrison et al., [2020), an efficient GPU implementation of AutoDock Vina (Trott & Olson, 2010), with receptor structures

12
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Figure 3. Beyond commercially available make-on-demand CSLs, it is relatively straightforward to design an ultra-large CSL for virtual
screening using publicly available libraries of enumerated compounds like ZINC22 and cheminformatics tools like RDKit. These designs
are incredibly valuable for virtual screening due to their ability to densely cover large swaths of relevant chemical space.

and binding site definitions taken from the DOCKSTRING dataset (Garcia-Ortegén et al. [2022)). The physicochemical
properties were computed using RDKit (Landrum et al.}, 2006) or RDKit-based calculators.

All endpoints were computed on the fully enumerated 1M and 12M compound BRICS-based CSLs and are used throughout
this study both as optimization objectives and as constraints in virtual screening queries.

A .4. Regression Performance by Endpoint

Figure [6] displays the R-squared for the surrogate (original and APEX-factorized) across all 28 endpoints considered in
this study measured on a random sample of compounds from the 12M fully enumerated CSL. For the five docking score
endpoints we additionally report rank correlation with Kendall’s tau-b and Spearman’s rho.

A.5. GPU Implementation of Factorized Top-% Search

The factorized top-k search employed in APEX is particularly well suited for GPUs. Each operation (score calculation,
element tracing, and index decoding) can be performed independently for each compound in the CSL. Moreover, NVIDIA’s
CCCL library (CCCL Development Team), [2023)) provides an efficient batch-based AIR top-k method (Zhang et al} [2023)),
which we leverage in our implementation using a chain-of-batches strategy.

We first partition the CSL into batches of (reaction, first R-group assignment) pairs of some chunk size (e.g., one billion
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Table 2. Description of all molecular properties and docking score endpoints used in this study.

Variable name

Description

Docking scores
score_PARP1
score_DRD2
score_MET
score_F10
score_ESR1

Docking score against PARP1 (poly ADP-ribose polymerase 1, an enzyme)
Docking score against DRD2 (dopamine receptor D2, a GPCR)

Docking score against MET (hepatocyte growth factor receptor, a kinase)
Docking score against F10 (coagulation factor Xa, a protease)

Docking score against ESR1 (estrogen receptor alpha, a nuclear receptor)

physicochemical properties
mol_wt

logp

tpsa

n_hbd

n_hba
n_rotatable_bonds
n_atoms
n_heavy_atom

mr

n_ring
n_aromatic_ring
n_aliphatic_rings
n_heterocycles
n_bridgehead_atoms
n_stereocenter

Molecular weight (Da)

‘Wildman-Crippen partition coefficient (lipophilicity)
Topological polar surface area (A?)

Number of hydrogen bond donors

Number of hydrogen bond acceptors
Number of rotatable bonds

Total number of atoms (including hydrogens)
Number of heavy (non-hydrogen) atoms
Wildman—Crippen molar refractivity

Total number of rings

Number of aromatic rings

Number of aliphatic rings

Number of heterocyclic rings

Number of bridgehead atoms

Number of specified stereocenters

n_unspecified_stereocenter
fraction_cs_p3
max_ring_size

Number of unspecified stereocenters
Fraction of sp3 carbon atoms (Fsp3)
Size of the largest ring in the molecule

ged Quantitative estimate of drug-likeness (Bickerton et al.}|2012)
geppi Quantitative estimate of protein-protein interaction inhibitor drug-likeness (Kosugi & Ohue}2021)
sps Spacial score, a topological indicator of small-molecule 3D complexity (Krzyzanowski et al.|[2023)

synthetic_accessibility_score Synthetic accessibility score (SA score) (Ertl & Schuffenhauer}{2009)
weird_fragment_score Score penalizing the presence of unusual or undesirable chemical fragments

compounds) and evaluate scores, the two-dimensional pair (¢(x), fo(x)) denoting the APEX-predicted constraint violation
and objective value, for all compounds in a batch on the GPU. For example, a batch can contain all compounds from the first
three reactions (all R-groups fully enumerated) and all compounds from the fourth reaction where the first R-group assigned
one of the first five eligible synthons, such that the total number of products is less than or equal to the specified chunk size.

Within a batch, compound scores are computed in parallel: CUDA blocks iterate over (reaction, first R-group assignment)
pairs, while threads loop through subsequent R-group assignments. Synthon associative contributions are accumulated in
shared memory for higher compute throughput. If a reaction has more than two R-groups, the remaining ones are processed
with plain loops.

After score computation, results are passed to CCCL’s AIR top-k method to filter for the top-k indices for that batch. For
subsequent batches, previously selected elements are prepended to the score arrays before the next AIR top-k£ call, and the
indices within the full CSL are tracked, enabling chain-of-batches. We carefully trace the movement of elements: an index
larger than k& means a new element from the current batch is within top k; otherwise the element is from previous batches
but its location within top k could have shifted. The kept indices array is updated accordingly.

Once the CSL is exhausted, each of the global top-£ indices within the library is decoded, again on GPU, using the (reaction,
R-group assignment) mapping. The final results are then returned to the user for downstream processing (e.g., conversion of
reaction and R-group assignment to SMILES).

A.6. Error Decomposition of the Factorized Surrogate

For a given endpoint, the total prediction error of the APEX factorized surrogate, fi, with respect to the ground truth oracle,
fi» can be decomposed into contributions from two distinct sources: the error of the surrogate f; with respect to the oracle,
and the error introduced by the factorizer in approximating the surrogate. The total error decomposes additively as:

fi(@) = fi(2) = (fi(z) — fi(@) + (fi(@) — fila). (24)

surrogate error factorizer error

Squaring and taking expectations yields the following decomposition of the expected squared error:

E[(/:(e) - £i@)?] =E [(fi@) = fi(@)?] + B [(fi(w) = fi(@)?] +2E [(fi@) = @) (fi(@) - f@))] . @9)
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Rule Property Value
Lipinski Rule of 5 (Lipinski et al.,|[1997)  Molecular weight < 500 Da
logP <5
H-bond donors <5
H-bond acceptors < 10
Veber (Veber et al., 2002) Rotatable bonds <10
TPSA < 140 A?
Pfizer 3/75 (Hughes et al.||2008) logP <3
TPSA > 75 A2
Wager CNS (Wager et al., 2010) Molecular weight < 360 Da
logP <3
TPSA > 40 A2, < 90 A?
H-bond donors <1
Astex Rule of 3 (Congreve et al.| [2003) Molecular weight < 300 Da
logP <3
H-bond donors <3
H-bond acceptors < 3
Rotatable bonds <3
TPSA < 60 A?

Table 3. Constraint sets used for experiments in Figure

where the first term is the surrogate MSE, the second term is the factorizer MSE, and the third term is a cross term capturing
the correlation between the two error sources.

If the surrogate error and the factorizer error are approximately uncorrelated, i.e., if the cross term in (23) is small in
expectation, then the total MSE decomposes approximately as the sum of the two individual MSEs.

This decomposition is practically useful because each term can be reduced independently: the surrogate MSE is minimized
by improving the molecular encoder gy or by training on more labeled data, while the factorizer MSE is minimized
by improving the ReactionFactorizer gy or by training it on a larger or more diverse set of (reaction, R-group
assignment) pairs — crucially, without requiring any additional oracle labels.

Figure[§| plots the decomposition of the normalized MSE across all 28 endpoints. We note that the cross term is negligible
across all endpoints, confirming that the surrogate and factorizer errors are largely independent; this means that improvements
to the surrogate encoder and the factorizer can be pursued separately to reduce the total NMSE. The relative contributions of
the two error sources vary across endpoints: for some, such as the docking scores, the surrogate error (orange) dominates,
while for others, the factorizer error (blue) is the primary contributor. This can serve as a guide for where architectural
improvements are likely to be most impactful.

A.7. Constraint Sets

Table [3| provides details on the constraints used in this paper’s experiments. We note that all of the computational endpoints
and properties described in Table 2] can be used as objectives or constraints in an APEX query for the model trained as part
of this paper.

A.8. Architecture and Training Details

Below we provide a description of the model architectures and key hyperparameters used in this paper; the overall setup
is intentionally lightweight and we did not perform extensive hyperparameter tuning, instead opting for sensible defaults.
We refer the reader to the code repository (https://github.com/NumerionLabs/apex) for full implementation
details.

Message-passing neural network (MPNN). Both the surrogate encoder and the factorizer’s synthon encoder are built on
the same underlying MPNN architecture (implemented in apex/nn/mpnn . py), which operates on 2D molecular graphs.
Each atom is featurized using a standard set of atomic features (atom type, degree, formal charge, chirality, aromaticity,
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etc.) and each bond is featurized using bond-level features (bond type, ring membership, stereochemistry, etc.). These
are projected into a dyeg.-dimensional node embedding and d.qe.-dimensional edge embedding by learned linear layers.
The network then applies L rounds of edge-conditioned message passing, in which each node aggregates messages from
its neighbors, where each message is conditioned on the corresponding edge embedding. A graph-level representation is
obtained by summing the final node embeddings and applying a final linear transformation to produce a dgrph-dimensional
output. In all models used in this paper, all hidden dimensions are set to d = 64 and the number of message-passing layers
isL=4.

Surrogate. The surrogate model gy is a LigandEncoder (implemented in apex/nn/encoder .py) consisting of
the MPNN described above, followed by a linear projection to the d = 64-dimensional embedding space. Task-specific
predictions are obtained via a shared LinearProbe consisting of 28 task-specific linear heads (one per endpoint). The
total parameter count for the surrogate encoder is 159,168. The probe adds 28 x 64 = 1,792 weight parameters and 28 bias
parameters, for an additional 1,820 parameters.

Factorizer. The APEXFactorizer (implemented in apex/nn/apex.py) mirrors the CSL hierarchy with a corre-
sponding stack of encoders. At the bottom, a SynthonGraphEncoder — an instance of the same LigandEncoder
MPNN architecture as the surrogate encoder — produces a dhjggen = 64-dimensional embedding for each synthon from
its molecular graph. R-group embeddings are produced by a deep set network consisting of two ResNetMLP submod-
ules with mean pooling applied between them over the synthons belonging to each R-group. Reaction embeddings are
produced analogously by two further ResNetMLP submodules with sum pooling over the R-groups belonging to each
reaction. Finally, a RgroupAssociativeKeyEncoder (a ResNetMLP) maps each (R-group, reaction) pair to a
d X dy = 64 x 64 key matrix, and a SynthonAssociativeValueEncoder (a ResNetMLP) maps each synthon to
a dy = 64-dimensional value vector; their product gives the d = 64-dimensional synthon associative embedding u,. s, as per
(TT). Each ResNetMLP uses dhigden = 64, Niayers = 4, and layer normalization. The total parameter count for the factorizer
is 676,992.

Training. Training hyperparameters are specified in configs/apex.yaml in the associated code repository. Both
models were trained using the Adam optimizer with learning rate 10~2 for up to 100,000 iterations. The surrogate was
trained on 80% of the 1M compound BRICS-based CSL (with the remaining 20% held out for validation). The factorizer
was trained on the 12M compound BRICS-based CSL in the absence of labels, minimizing the reconstruction error of the
frozen surrogate embeddings (I3). For the 10B BRICS CSL, the factorizer was additionally fine-tuned on compounds from
the library (using the same embedding reconstruction task).

A.9. Comparison with Thompson Sampling

Figure[9]plots the recall of APEX against Thompson sampling across the five most prevalent reactions in the 12M compound
CSL and against the five targets considered in this paper.

A.10. Recall of Top-; Compounds at Increasing Evaluation Budget

Figure [10[shows the recall of top compounds (in the absence of constraints) as a function of increasing evaluation budget,
expressed as the fraction of the library evaluated with the oracle.

A.11. Score-Based Constraints and Composite Objectives

To further test the robustness of the surrogate docking score predictions, we ran APEX search in a counter-screening scenario,
where one target is chosen as the objective to minimize and constraints are added that the other four targets all score above
their 50th percentile. Figure|l I|shows the mean docking scores of the best 100 compounds (re-ranked by the true objective)
after a £ = 100,000 search (BRICS 12M library), represented in terms of their eCDF. While these counter-screening
constraints are generally effective at increasing the “selectivity” of the top compounds, they do result in worse absolute
docking scores for the objective. We also tested defining a composite objective as the sum of all five targets’ docking scores,
which proved quite effective at finding compounds that score well across all targets.
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Figure 4. Example molecules from the 10B compound CSL.
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Figure 6. Accuracy of predicted (A) docking scores and (B) physicochemical properties for the original surrogate model as well as
factorized version.

19



APEX: Approximate-but-Exhaustive Search for Ultra-Large Combinatorial Synthesis Libraries

DRD2 ESR1
1.0 1 1.0 1 1.0 1
0.8 1 0.8 1 0.8 1
z 2 2
3 3 3
2 8 2
S 0.6 S 0.6 S 0.6
= a =
[} [ (]
= = 2
5 5 5
2 0.4 2 0.4 2 0.4
3 3 3
o o o
0.2 A 0.2 0.2
0.0 T T T T T T T 0.0 -r T T T T T T T 0.0 T T T T T T T
-200 -17.5 -15.0 -125 -10.0 -7.5 -50 ~-2.5 -18  -16 -14 -12  -10 -8 -6 -4 -16  -14 -12  -10 -8 -6 -4
docking score docking score docking score
MET PARP1
T
1.0 1 : 1.0 4
i
1
1
0.8 1 : 0.8
z i z
= 1 = —— background distribution (BRICS CSLs)
Qo 1 Qo
% 061 1 % 06 —=—= 0.1% background distribution (BRICS CSLs)
a : s ——— APEX top 100K from 12M BRICS CSL
g ! 2 —— APEX top 100K from 10B BRICS CSL
= 04 H 2 04 —— background distribution (70B Enamine CSL)
g™ ! E ™ —— Zero-shot APEX top 100K from 70B Enamine CSL
o o
1
1
I
0.2 1 0.2 1
0.0 L T T S T T T 0.0 T T T T T T T T
-18 -16 -14 -12 -10 -8 -6 -4 -18 -16 -14 -12 -10 -8 -6 -4
docking score docking score

Figure 7. Docking scores for the APEX top-k = 100,000 on the 10B library are enriched with respect to the background distribution and
with respect to the top-k set from the smaller 12M library. Lower scores are better (i.e., indicate better interaction between ligand and
receptor).
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NMSE decomposition: surrogate vs. factorizer error
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Figure 8. Normalized mean squared error (NMSE = MSE/Var( f)) for the factorized surrogate f, with respect to the ground truth oracle
fi, decomposed into three additive components per endpoint as derived in Appendix [A-€} surrogate error (orange), factorizer error (blue),
and cross term (gray). The three components sum to the total NMSE for each endpoint, indicated by the black outline enclosing all three
components. The cross term is negligible for most endpoints, indicating that the two error sources are largely independent and that the
total NMSE is well approximated by the sum of the surrogate and factorizer MSEs alone.
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Figure 9. Top-j recall for APEX and Thompson sampling (TS) using matched evaluation budgets. APEX search run using k set
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three-component reactions, respectively, and 10, 1000, or 10,000 iterations of Thompson sampling.
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Figure 11. Inclusion of constraints on non-objective docking scores allows for APEX to be used in a counter-screening fashion. Each row
is the result of a single APEX search (K = 100,000), either unconstrained or with “counter-screening” constraints (non-objective docking
scores > 5H0th percentile). Cells are outlined if they were used as the objective, and values are the eCDF of the mean docking score for the
top 100 molecules after re-ranking by the true objective. (Last row) APEX search with composite objective of all five targets’ docking
scores.
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