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Abstract

Drug discovery seeks molecules (ligands) that bind strongly and selectively to a
target protein. However, fewer than 5% of candidate ligands pass the bar for even
the early stages of drug discovery. Furthermore, we want methods that work for
novel proteins for which we have no prior data. Starting from scratch, we have to
iteratively select and test candidate ligands such that we find enough ligands of the
desired quality in as few tests as possible. Our proposed algorithm, named SPADE,
introduces a novel approach to ligand selection that requires only 40 tests on average
to find 10 high-quality ligands. In one-vs-one comparisons, SPADE outperforms
deep learning and Bayesian optimization methods on more proteins, achieving
median improvements of 7% — 32% in sample efficiency. SPADE is also 10x faster
than its closest competitor at scoring candidate drugs. Dataset and code is available
at https://anonymous.4open.science/r/SPADE_Fast_Drug_Discovery_
by_Learning_from_Sparse_Data-F028/README.md

1 Introduction

Proteins regulate nearly all biological processes in the human body, and disruptions to their activity
can lead to disease. A central goal of drug discovery is therefore to design small molecules (ligands)
that bind strongly and selectively to a target protein [[18,44]]. Despite decades of progress, this process
remains highly inefficient: fewer than 5% of candidate ligands succeed even in early-stage screening.
The challenge is particularly acute for novel proteins, where little or no prior data is available.

In early-stage drug discovery, researchers iteratively run design-make-test-analyze (DMTA) cycles
[31]. In each cycle, a small number of ligands are selected, synthesized, and experimentally evaluated.
The outcome of interest is the ligand’s binding affinity, typically measured via the pIC50 (PIC) value
[40], where higher values indicate stronger binding. Since experimental tests are slow and expensive,
the key objective is to identify a small number of (say, 5) high-quality ligands (e.g., PIC > 8) using
as few tests as possible. We refer to this objective as a race-fo-k problem, that is:

find k ligands with PIC above a desired threshold in as few DMTA cycles as possible.

A PIC of 8 or 8.5 is often a favorable starting point for the later stages of drug discovery [22]. Hence,
we focus on the race-fo-8 and race-to-8.5 problems.

This setting presents several fundamental challenges. First, the search space is vast, consisting of
millions of candidate ligands represented by high-dimensional embeddings. Second, the signal is
extremely sparse: only a small fraction of ligands meet the desired affinity threshold (e.g., only 7%
of candidates have PIC > 8, and just 2.7% have PIC > 8.5). Third, we start with no labeled data
and must learn entirely from sequential, adaptively collected observations. These properties make
standard machine learning approaches difficult to apply effectively.
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Recent work approaches this problem using active learning and Bayesian optimization. These
methods estimate the PIC of each candidate ligand and combine it with an uncertainty estimate (e.g.,
from a Gaussian process) to guide selection [11]. However, in our setting, accurate estimation is
difficult due to extreme data sparsity and high dimensionality: we begin with no data, and each ligand
is represented by a 2,048-dimensional embedding. Moreover, most ligands fail to meet the desired
threshold. As a result, estimating PICs is both difficult and unnecessary for the race-to-k objective.

Another line of work constructs protein embeddings [30,33]]. However, directly predicting affinity
using such embeddings achieves limited accuracy [6,9]. Since we focus on novel proteins, we assume
that no similar proteins are available, and thus do not rely on protein embeddings. If such information
is available, it can be incorporated as a preprocessing step to filter the candidate ligand set (we show
such an experiment in Appendix [B).

Finally, we emphasize that our work focuses on ligand affinity, which is fundamentally distinct
from molecular docking [38]]. Our approach is binding-mode agnostic and focuses on continuous
affinity (PIC) values. In contrast, datasets such as DUD-E [26]] provide only docking scores, while
LIT-PCBA [42] offers binary active/inactive labels. Neither dataset captures the continuous affinity
information essential for ranking and prioritizing ligands, rendering them unsuitable for our objective.

Our contributions:

* Problem formulation: We cast early-stage drug discovery for novel proteins as a sparse,
sequential race-to-k problem, where the objective is to identify £ high-affinity ligands using
as few DMTA cycles as possible.

* Classification-based selection (Sec. 3): We propose SPADE (Sparse-data Predictions for
Accelerating Drug Exploration), which replaces full PIC estimation with the simpler task
of predicting whether a ligand can outperform the current k'"-best ligand. Thus, SPADE
focuses directly on improving the top-k set.

* Robust learning under extreme sparsity (Sec. 3): Since the positive class contains only
k —1 ligands, standard classifiers struggle. Instead, we introduce a robust classifier that
minimizes the expected loss over a Gaussian centered at each positive example, reducing
overfitting to noise. We derive a closed-form expression for the expected loss to avoid
sampling. We then combine these classifiers to efficiently identify the best candidate ligands.

* Large-scale dataset (Sec. 4): We built a new 1.5M-entry PubChem-derived dataset, com-
plementary to existing datasets, to test sequential ligand discovery under realistic sparsity.

* Empirical evaluation (Sec. 4): Across 100 proteins, SPADE consistently outperforms
state-of-the-art baselines, requiring 7% — 32% fewer ligand tests to reach target PICs and
achieving a 10x speedup in scoring ligands.

2 Related Work

We review prior work on Ligand-Protein Interaction affinity (LPI) prediction, protein and ligand
embeddings, and active-learning for drug discovery.

LPI prediction: Several papers cast LPI prediction as a binary classification task. Then, they apply
machine learning models to learn affinities [[7} [17,23H25] 27} /47]]. Deep learning models have also
been developed for this task [13} |14} [19H21) 28], 45, [46]]. However, simple binary labels, such as
active/inactive, oversimplifies the continuous nature of binding affinities. Hence, these methods have
been less useful for ranking ligands for drug screening [36]. In contrast, SPADE considers only the
current top-k ligands as the positive class, so the labels shift over the DMTA cycles.

Another approach is to use physics-based methods like free-energy perturbation. These methods
attempt to mimic the protein-ligand binding interactions via computational simulations. They can
offer more precise results but are computationally intensive [35}[37,/43]]. Hence, even if these methods
are used instead of lab tests in DMTA cycles, we still need to minimize the number of cycles.

Protein and ligand embeddings: Existing approaches try to predict ligand-protein interaction affinity
using vector embeddings [[15) [17]] and graph-based models [2, 17} 139, 41] for protein and ligand
embeddings. Several specialized embeddings also exist for proteins [30}133]] and for ligands [5 34].
However, embedding methods have limited impact on prediction accuracy [6} 9.



We focus on drug discovery for novel proteins. So, we assume there is no side information available
about similar proteins. In our setting, we only have one protein (the target protein), so there is no
need for protein embeddings. Our work is agnostic to the choice of ligand embeddings, and we show
results using the popular ECFP [34], MACCS [3], and ChemBERTza [3]] ligand embeddings.

Active learning and Bayesian optimization: Since most ligands have poor LPI, existing datasets are
imbalanced. Active learning has been used to develop balanced training datasets for LPI prediction
via explore-exploit strategies. However, the best way to find good interacting pairs is to only exploit
[L6]. Also, active learning is often used to learn the entire protein-ligand interaction landscape. In
contrast, the goal of early-stage drug discovery is to quickly find a few high-quality ligands. Learning
about the entire landscape is not necessary.

Bayesian optimization is another approach for selecting the ligands to test in each DMTA cycle.
Here, we rank candidate ligands by combining their estimated PIC with uncertainty scores obtained
via Gaussian processes [11]. The top-ranked ligands are tested in the next DMTA cycle, and all
estimates are recomputed using the new data. But in our setting, there are very few ligands with
known PICs, and the ligand embedding is high-dimensional. This leads to large uncertainty for ligand
PIC estimates. SPADE avoids estimation and instead uses robust classification. We show that we
outperform Bayesian optimization methods, and are also 10x faster than the closest competitor.

Structure-based and deep virtual screening: These methods analyze the ligand and protein
structures to predict docking. However, docking is different from affinity prediction. Also, the best-
performing methods typically require seconds of compute per ligand even with GPU acceleration [30],
while SPADE is 3-4 orders of magnitude faster. Finally, such methods do not learn from DMTA
cycles, unlike SPADE. We note that screening methods can filter the set of ligands as a preprocessing
step for SPADE. This can improve accuracy by 18%-31% (Appendix [B).

3 Proposed Method

Our goal is to identify several high-affinity ligands using as few DMTA cycles as possible. This
setting presents several key challenges:

(1) Rare targets in a vast search space. We must search among 10°—10° candidate ligands, with a
median PIC of 5.9. The distribution is highly skewed: about 75% of ligands have PIC < 7, only 7%
have PIC > 8, and just 2.7% exceed 8.5.

(2) Sparse data. For novel proteins, we begin with no labeled data. Each data point must be obtained
via costly and time-consuming ligand tests, so the model must learn effectively from little data.
Furthermore, since our goal is to improve the top-k ligands in each DMTA cycle, the “positive class”
remains extremely small (namely, the k£ — 1 ligands that are currently the best).

(3) High dimensionality. Each ligand is represented by a 2,048-dimensional ECFP vector [34]]. This
high dimensionality, combined with data sparsity, makes accurate PIC estimation difficult.

(4) High throughput requirements. In each DMTA cycle, we must score 10° — 10° candidate
ligands. Hence, the scoring needs to be fast and efficient.

3.1 Overview of SPADE

SPADE departs from standard approaches in two fundamental ways: it replaces global affinity
estimation with a targeted classification objective, and it incorporates robustness directly into the
learning process. Together, these design choices yield a method that is well-suited to extreme data
sparsity, requires minimal tuning, and is significantly faster at scoring candidate ligands.

Classification instead of estimation. Most existing methods attempt to estimate the PIC for every
candidate ligand. In our low-data setting, this is both difficult and unnecessary. Instead, SPADE
focuses on a simpler and more targeted task: predicting whether a ligand can outperform the current
k™-best ligand. This directly optimizes for our goal of improving the top-k set in each DMTA cycle.

Robustness under extreme sparsity. The positive class consists of only the top-k ligands seen so
far. To be robust against noise, SPADE optimizes an expected loss over a distribution centered at each
positive ligand. This acts as a principled regularizer, encouraging the model to learn stable patterns



rather than overfitting to a handful of points. We further design the loss so that this expectation admits
a closed-form expression, avoiding the need for sampling.

In each DMTA cycle, SPADE trains one robust classifier for each of the current top-k ligands. It
then scores all untested ligands using a weighted combination of these classifiers, and selects the
highest-scoring candidates for testing in the next cycle. This process iteratively refines the top-k set.
Next, we discuss these steps in detail.

3.2 C(lassifier for a Single Top Ligand

After every DMTA cycle, we have a dataset Dy, 0f the ligands tested so far, along with their PICs.
Let ST C Dgeen be the set of the best few ligands seen so far, and let S~ := Dgeep, \ ST. For each
ligand i € ST, we build a classifier C; that separates 4 from all the ligands in S~:
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where z; € R? denotes the embedding of ligand j, F is the search space over classifiers, C is any
classifier in F, C'() is the predicted score of C on a ligand with embedding x, and (s, y) is the
loss if a score s is predicted for a ligand with class y € {+1, —1}.

Difference from empirical risk minimization: Instead of the empirical loss on ST, we use the
expected loss over a Gaussian distribution. This distribution is centered at x; for each i € ST.
Intuitively, x; is a sample from a distribution of similar-PIC ligands. Since we do not have enough
data to reconstruct that distribution, we use a Gaussian distribution as an approximation. The width o
of the Gaussian reflects our uncertainty about the distribution. Larger o means greater uncertainty
and a more robust classifier C;. A well-chosen o > 0 ensures that C; identifies the specific features of
x; that (a) set it apart from the low-PIC ligands in S~ and (b) are not due to randomness.

Choice of loss function: We choose /(-, -) so that Equationhas a closed-form formula. Specifically,
let any classifier C € F be parametrized by the pair (¢, w) € R x R?. The score for C on a ligand
x € R is given by C(x) := ¢ + wTz. We use the loss £(C(x),y) := max{0,1 —y - C(x)} for
y € {+1, —1}. These choices offer two main benefits. First, we can learn from all features without
making the model too complex and unstable. This is important for robustness, as the data is both
small and imbalanced in our problem. Also, we can calculate the expected-loss term in Equation [T)in
closed form, without the need for sampling.

Theorem 3.1. Let s; := 1 — (c + wlx;) with ||w|| > 0, and let ®(-) and ¢(-) represent the cdf and
pdfof a N'(0,1) distribution. Then, we have:
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The proof is shown in Appendix [A] Using Theorem [3.1] the loss function in Equation [I] has a
closed-form formula. Furthermore, the objective is convex since it is the expectation over a convex
loss. Hence, we can minimize Equation [[|using any standard convex solver.

Remark 3.2. In Theorem [3.1] the Gaussian serves as a tractable regularizer that yields a closed-form
expected loss. We do not sample from the high-dimensional Gaussian; thus, we avoid approximation
errors. Also, the simplicity of C(-) makes scoring ligands extremely fast.

3.3 Combining Classifiers for Multiple Top Ligands

Suppose we have trained the classifiers C; for all i € ST. Now, we score each untested ligand (the set
1)rest) via

score(z;) = »_ aP - Ci(w;), )
€St

where p; is the PIC of ligand 4, and o« > 1 is a model parameter. In other words, ligand j € D,¢st
is predicted to have a high PIC if it is scored highly by one or more of the classifiers C; fori € ST.
Intuitively, the classifiers identify patterns that differentiate the top ligands from the rest. Hence, the



Algorithm 1 SPADE

1: function SPADE(Dscen, Drest, O, Nimaz, @, 3,pT)
> Dseen = {(xi, pi)} sorted in decreasing order of PICs p;

2 m< {pi > p" | (®i,pi) € Dsecen}|

3 nt — min(maz, m)

4 S« A{mi | (®i,pi) € Dscen, i > max([B|Dscenl], m)}

5: foralli € {1...n"} do

6: C; < Classify({z;} versus S~ | o) > (Eq.
7: end for

8 T+ {Zi<n+ aPi - Ci(xj;) | x; € Dmst} > (Eq.
9: return top scoring ligands from 7'

10: end function

weighted sum selects ligands that possess several of these differentiating factors. The weights o’
ensure that better ligands in S are given more importance. The ligands in D,..,; with the highest
scores are selected for testing in the next DMTA cycle.

3.4 Opverall Algorithm

Algorithm E] shows how SPADE selects ligands for one DMTA cycle. We have a set D, of
previously tested ligands (whose PICs are known) and the untested set D,..s;. From Dy, , We select
the top ligands with PIC> p™, keeping at most 7,4, of these for the positive class. For the negative
class, we keep all ligands except those with PIC above p™ or those among the top-3 fraction of
ligands. Then, we train the classifiers C; ( € {1,...,n7})in step@, and score the ligands in D,
in step |8} The top-scoring ligands from D,..; are then selected for testing in the next DMTA cycle.
Once lab tests reveal their PICs, we add them to Ds..,,. These become inputs for the next DMTA
cycle. Our novel combination of Gaussian regularization for robustness and the simple form of
the classifier and scoring function enables SPADE to work even with limited data while scoring
candidate ligands 10z faster than competing methods.

Implementation details: We standardize the scores output by each C; for all ligands in D,..4; to
zero mean and unit variance (step[6)). Finally, we noticed that if one ligand with a very high PIC is
found in the early cycles, it can dictate the choice of ligands for several future cycles. To improve
reliability, we limit each ligand ¢ € Dg..,, to help select at most 10 other ligands across all cycles. In
our experiments, we use o = 5,0 = 1, 8 = 0.05, N0, = 20, and p™ = 7. In Section we show
that apart from o, which controls robustness, our results are insensitive to all hyper-parameters.

4 Experiments

We ran experiments to answer the following questions: (a) How quickly do SPADE and competing
methods find enough ligands with the desired PIC? (b) How much computation do they need to
score candidate ligands? (c) How robust is SPADE to its model parameters and choice of ligand
embedding? (d) How much does each component of SPADE contribute to its performance?

4.1 Experimental Setup

We constructed a new 1.5M-entry ligand—protein interaction (LPI) dataset from PubChem, yielding
~3.5M datapoints when combined with BindingDB and Davis datasets [4, [8]. We excluded com-
pounds with PIC < 5 across all proteins, as they provide little signal for learning. Consequently,
our dataset is not directly comparable to high-throughput screening (HTS) hit rates, which include
many uniformly inactive compounds and are designed for single-shot screening. In contrast, iter-
ative screening methods like SPADE achieve higher hit rates [29]. Our curation provides a more
informative and balanced benchmark for fair comparison across algorithms.

We represented ligands as 2, 048-dimensional ECFP, 167-dimensional MACCS, and 600-dimensional
ChemBERTa embeddings [3} 15} 34]. We use ECFP as our primary molecular representation through-
out the main experiments, since it performs best on downstream property-prediction tasks [32]].



Average (Top-10) Min (Top-3)

Target PIC Target PIC
Method 70 75 80 85 90 | 70 75 80 85 9.0
Random 21 35 76 215 397 13 21 46 140 348
XGBoost 21 33 55 104 249 13 22 39 82 186
MLP 17 25 45 108 288 12 18 31 78 199
XGBRegressor 18 27 46 103 265 12 20 34 78 201
TabPFN 18 26 48 122 276 | 12 19 35 94 217
TabM 17 27 59 141 294 | 12 20 41 115 249
GP-M 17 27 53 136 290 | 12 21 41 112 235
GP-UCB 17 28 51 126 277 12 22 38 99 217
GP-EI 18 27 44 92 228 13 20 33 70 176
GP-PI 17 25 41 99 251 12 19 33 80 184
SPADE \ 17 24 40 92 257 \ 12 18 29 71 168

Table 1: Median value of mean-ligands-to-target (MLT) over 100 proteins (lower is better):
SPADE requires the fewest or nearly the fewest ligand tests to reach the target PICs in most cases.

We simulated early-stage drug discovery on 100 proteins with the most data. For each protein, we
ran the following experiment. Let A be all the ligands associated with that protein. In other words,
our dataset contains the PICs for all ligands in A. We keep these PICs hidden from the algorithm
until it specifically tests for ligands. In the first iteration, SPADE randomly selects b ligands from A.
The PICs of these selected ligands are revealed to SPADE. With this information, SPADE selects
another b ligands (not at random). These are tested in the next iteration, and so on. In this way, each
iteration represents a simulated DMTA cycle consisting of b ligand tests (we use b = 10, but other
values yield similar results).

The iterations end when the top-10 ligands found so far have an average PIC > ¢ for ¢t €
{7.5,8,8.5,9}. Alternatively, we stop once the top-3 ligands each have PIC > ¢. We call these two
endpoints average top-10 and min top-3 respectively. We note that ligands with PIC> 9.5 are too
rare (< 0.07% of the ligands) to get reliable results.

Metrics: For each experiment, we calculated the ligands-to-target(¢), which denotes the number of
ligand tests needed to hit an endpoint at PIC ¢. If the endpoints are not reached within 400 ligand
tests, we declare failure and set the ligands-to-target= 400. To remove the effect of the random
initialization in the first iteration, we averaged this value over 50 repetitions. We call the result
mean-ligands-to-target, or MLT(¢). Smaller values of MLT(¢) imply faster drug discovery.

Competing methods: We consider the following types of competing methods.

(a) Bayesian optimization: We use a Gaussian Process (GP) with a Tanimoto kernel, which has been
found to work best for molecules [[L1]. The GP gives mean and variance estimates for our current
belief about each ligand’s PIC. In each DMTA cycle, we select ligands with the highest mean (GP-M),
or mean plus standard deviation (GP-UCB), or the expected improvement in PIC (GP-EI), or the
probability of improvement (GP-PI).

(b) Deep learning: Since we have limited training data, we consider two recent state-of-the-art
methods for such settings, namely TabM [10] and TabPFN [12].

(c) Standard tools: We also tested XGBoost, Multilayer Perceptrons (MLP), and XGBRegressor. As
a control, we added a method, named Random, that randomly selects ligands in each DMTA cycle.

4.2 Comparisons Between Methods

Overall comparison of mean ligands-to-target (MLT): Table [I| shows, for each method, the
median MLT over 100 proteins. SPADE is the fastest, or nearly the fastest, to the target PIC in
almost all cases. SPADE needs only 29 — 40 ligand tests to reach a PIC of 8, for both the average
top-10 and min top-3 endpoints. For a target PIC of 8.5, we only need 71 — 92 ligand tests.

Head-to-head comparisons: For each protein, we tracked which method reached the endpoint first
over the 50 trials. If two methods are similar, each should finish first about equally often. A method



How often Average (Top-10) Min (Top-3)
is a method Target PIC Target PIC

significantly better? 7.0 7.5 8.0 8.5 9.0 7.0 7.5 8.0 8.5 9.0
SPADE 5% 94% 91% 68% 24% | 20% 61% 80% T5% 34%

vs. XGBoost 1% 1% 2% 1% 13% 0% 1% 0% 1% 2%
SPADE 18% 33% 60% 54% 41% 0% 3% 7 % 27%  33%

vs. MLP 3% 5% 6% 6% 15% 0% 3% 2% 5% 10%
SPADE 8% 79% 69% 43% 28% | 2% 18% 36% 28% 24%

vs. XGBRegressor 1% 0% 2% 4% 10% 0% 0% 1% 2% 7%
SPADE 23% 43% 46% 56% 56% | 3% 6% 10% 30% 51%

vs TabM 4% 2% 2% 2% 4% 1% 2% 1% 2% 1%
SPADE 9% 16% 17% 44% 43% | 2% 7% 8% 24%  34%

vs. GP-M 8% 5% 3% 6% 6% 1% 1% 1% 2% 3%
SPADE 6% 12% 13% 26% 32% 1% 5% 6% 13% 22%

vs GP-UCB 8% 8% 11% 8% 9% 2% 1% 1% 2% 4%
SPADE 54% 59% 42% 23% 15% 2% 10% 16% 17% 11%
vs GP-EI 2% 3% 7% 8% 22% | 2% 3% 2% 5% 15%
SPADE 2% 9% 13% 18% 21% 1% 2% 6% 13% 13%

vs GP-PI 9% 7% 9% 9% 23% | 2% 1% 3% 2% 13%
SPADE (MACCS) 8% 9% 12% 14% 24% 1% 2% 2% 8% 18%
vs TabPFN (MACCS) 5% 5% 8% 9% 4% 1% 2% 2% 4% 0%
SPADE (ECFP) 2% 46% 49% 45% 43% 1% 8% 11% 28% 36%

vs TabPFN (MACCS) 2% 1% 1% 3% 1% 1% 1% 1% 3% 1%

Table 2: Head-to-head comparisons: We report the percentage of proteins for which one method
reaches the endpoint earlier than the other method, significantly more often than by chance. TabPFN
runs only with MACCS, not ECFP, so we compare against SPADE run with both embeddings. For
our main target PICs of 8 and 8.5, SPADE is reliably better for more proteins than any other method.

Median Average (Top-10) Min (Top-3)

improvement of Target PIC Target PIC
SPADE over 7.0 7.5 8.0 8.5 9.0 7.0 7.5 8.0 8.5 9.0
XGBoost 18% 24% 25% 16% 3% 22% 21% 23%  16% 14%
MLP 6% 10% 18% 22% 12% 0% 8% 17%  18%  22%
XGBRegressor 7% 11% 13% 18% 11% 10% 19% 13%  20% 24%
TabPFN 4% 13% 7% 12% 8% 9%  -15% -19% 6% 12%
TabM 4% 17%  32% 32% 19% | 42% 43% 39%  40%  27%
GP-M 2%  26% 20% 31% 12% | 45% 45% 19%  38% 28%
GP-UCB 0% 14% 16% 24% 11% -8% 44% 17%  28%  26%
GP-EI 11% 13% 8% 13% 1% | -14%  14% 14%  12% -1%
GP-PI 5%  12% 8% 17% 2% | -59%  43% 22%  19% 4%

Table 3: Percent lift of SPADE over competing methods (higher is better): For proteins where
one method is reliably better, we compute the improvement in SPADE’s MLT over the competing
method. SPADE has a median improvement of 8% — 32% over competing methods for our primary
target PICs of 8 and 8.5 under the average top-10 metric.

is reliably better for a protein if it finishes first significantly more than half the time (p < 0.1; results
are similar for p < 0.05). Table[2]shows the fraction of proteins where SPADE or a competitor is
reliably better. SPADE beats every competitor for the main target PICs of 8 and 8.5. GP-Pl is
the closest competitor, but SPADE is 10x faster (as shown later).

Table 3] compares the MLT for proteins where one method is reliably better than another. For the
average top-10 metric with target PICs 8 or 8.5, SPADE outperforms Bayesian optimization by
8% — 31%, deep learning by 7% — 32%, and standard classifiers and regressors by 13% — 25%.
Thus, SPADE needs 7% — 32% fewer ligand tests than its competitors.
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Figure 1: Detailed analysis of SPADE’s performance: (a) As the target PIC increases, the
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(b) SPADE’s failures to reach a PIC occur most for target PIC= 9, which are very rare (less than
0.5% of the ligand for the median protein). Detailed explanations are in the text.
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Figure 2: Sensitivity analysis: SPADE’s performance is only sensitive to the robustness parameter
o used in Equation|[T}

4.3 Detailed Analysis of SPADE

Fast ligand discovery, with wider tails for harder targets: Figure[Tashows that SPADE’s MLT
distribution shifts to the right as the target PIC increases, since we need more ligand tests to achieve
the target. The variance also increases for the higher PICs, due to correlated ligand selection across
the DMTA cycles. The effect of such correlations compounds as the number of DMTA cycles
increases. Since we need more cycles for higher target PICs, we see higher variance for them.

SPADE only fails when the target PICs are especially rare: For each protein, we count the fraction
of times SPADE does not reach the target within 400 ligand tests. Figure[Tb]shows the histogram of
this fraction across all proteins. Almost all observed failures occur when the target PIC is 9, which
is extremely rare in our data (< 0.5% of ligands). For the target PIC of 8.5, failures only occur for
proteins where fewer than 0.1% of the ligands have PIC> 8.5 (the typical rate is 2.7%). GP-EI and
GP-PI fail at the same rate as SPADE, and GP-UCB, GP-M, and TabM fail at about 45% higher rate.

Wall-clock time: The main bottleneck is scoring millions of untested ligands to select the best ones
for the next DMTA cycle. Table [fa shows the wall-clock times for scoring 1,000 ligands. SPADE is
10x faster than its closest competitor (GP-PI).

4.4 Sensitivity Analysis and Ablation Study

Ligand embedding: We repeated our experiments using the MACCS and ChemBERTa ligand
embeddings. Both are lower-dimensional than the ECFP embedding. Table [5|compares SPADE
against GP-PI, its closest competitor, under the ChemBERTa and MACCS embeddings. At our
primary target PIC of 8, SPADE is reliably better than GP-PI on roughly twice as many proteins
under both embeddings. (17% vs. 8% for ChemBERTa; 16% vs. 8% for MACCS). At PIC 8.5,
SPADE is also comparable or better. Thus, SPADE consistently outperforms other methods in the
race-to-8, for all embeddings.

Model hyper-parameters: Figure 2] shows how SPADE’s average MLT changes as we vary its
hyperparameters. All results are for our primary target PIC of 8, and are normalized with respect to the
default hyperparameter settings. Only the robustness parameter o significantly affects performance



Method Time (s) # ligand tests in Relative diff.

SPADE 4401 a DMTA cycle (b) from default Condition Effect

GP-(any) 394+0.2 b=5 0.3% + 1.05% No robustness 37% worse MLT

TabM 97 +£ 8.6 b=10 (default) No exp. weight 10% worse MLT

TabPFN 6096 + 548 b=20 0.4% + 1.8% No 10-ligand limit ~ PIC diff. < 0.04
(a) Time to score 10° ligands (b) Sensitivity to batch size (c) Ablation study

Table 4: Summary of additional analyses for SPADE.

ChemBERTa (600 dim.)
Target PIC
70 75 80 85 90

MACCS (167 dim.)
Target PIC
70 75 80 85 9.0

Method

11% 16% 17% 20% 14%
2% 5% 8% 15% 29%

10% 10% 16% 13% 14%
3% 6% 8% 16% 26%

SPADE is better
GP-PI is better

Table 5: SPADE vs. GP-PI under ChemBERTa and MACCS. Percentage of proteins where each
method is significantly better (p < 0.1). SPADE dominates at lower-to-mid target PICs and is
comparable or better at PIC 8.5.

(Equation [T). We note that we use the same default value of ¢ = 1 for all embeddings (ECFP,
MACCS, and ChemBERT2) and all proteins, without per-protein retuning. SPADE does not need
cross-validation. Since we need fewer than 40 total tests before reaching target PIC=8, any cross-
validation based selection strategy would be dominated by sampling noise in this low-data setting.

Number of ligand tests in each DMTA cycle: Table [4b|shows the relative difference in SPADE’s
performance as we vary the number of ligands 0 tested per DMTA cycle. The average top-10
PIC found by SPADE varies only slightly with b, confirming that the method is robust to this
hyperparameter. Values are mean =+ standard deviation of the relative difference vs. b=10.

Ablation Study: We removed three aspects of SPADE: its robustness, the exponential weighting
scheme, and the condition that any ligand can be used to help select at most 10 other ligands. These
correspond to Steps|[6]and [§|of Algorithm[I} and the implementation details in Section 3] Table
shows that the first two aspects are important to SPADE’s performance, while the last one is less
important.

Filtering ligands using data for similar proteins: Finally, we simulated an experiment where we
know of proteins similar to the target protein. Here, the data from similar proteins is used to filter
the set of available ligands before running SPADE. This improves MLT by 18% — 31% (Table@in

Appendix [B).
5 Conclusions

We set out to rapidly identify ligands with PIC> 8 for a specific target protein. These high-quality
ligands, however, are the proverbial needles in the vast haystack of all possible ligands. We also
assume no prior knowledge about the protein. Remarkably, just 40 or so ligand tests suffice for
SPADE to discover 10 high-quality ligands in this challenging setting. SPADE needs to test
7% — 32% fewer ligands than its competitors. Moreover, it is also three times faster at scoring ligands
than its closest competitor. This translates to significant cost savings for early-stage drug discovery.

SPADE succeeds for two reasons. First, it focuses only on improving the top-k ligands seen so
far. It does not estimate the PIC distribution across all ligands. Second, SPADE is designed to be
robust. Specifically, in optimizing the model parameters, we minimize the expected loss over a broad
distribution rather than the empirical loss on just k top ligands. This approach helps SPADE learn
reliable signals from such limited and imbalanced data.
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A  Proofs

Proof of Theorem 3.1} The proof is similar to Theorem 1 of [1]. We have

Eww./\f(wi,azl) [e(c(x), Y= 1)]
=Ep N (,021) MAX (0, 1—(ec+ wT:c))

:EUNN(l—(c—Q—'mei),a'QwTw) max (O, ’U)

=0 () wolwlo ().
o] o]

where 5; = 1 — (c+w”x;). The first equality uses the form of the loss function. The second equality
follows from a change of variables. The third equality comes from the formula for expectations of
truncated normals. O

B Experimental Details

Hyperparameters: In each DMTA cycle, we demeaned the ligand embedding vectors, but did not
scale them. For the classification-based methods (XGBoost and MLP), we set the top 10% of the
ligands in Dgeey, as positive. For XGBoost and XGBRegressor, we set the trees to have a maximum
depth of 6 and an Ly regularization of 1. For the MLP, we used one hidden layer with 32 units. For all
methods (including SPADE), the best settings were chosen by optimizing the average top-10 metric
for a target PIC of 8 for < 10 proteins. We also observed that the metrics were not very sensitive to
choice of parameters. Hence, we believe that the results reflect the intrinsic abilities of these methods.

—— SPADE —=— XGBoost —*— XGBRegressor —— MLP —— Random
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Figure 3: Ligands-to-target for five example proteins (lower is better): We show the number of ligand
tests needed to reach a target PIC for the average top-10 metric (top panel) and the min top-3 metric
(bottom panel). The UniProt IDs and names of the proteins are shown at the top. SPADE (red circles)
is almost always the fastest to any target PIC. XGBoost (black squares) tends to be close to Random
(blue triangles) initially, but improves later. In contrast, MLP (green crosses) is similar to SPADE
initially, but underperforms later. XGBRegressor (cyan diamonds) is in the middle.

Compute Resources: All experiments were run on a single workstation with an Intel Core i9-
10980XE CPU (18 cores / 36 threads), 256 GB of RAM, and 2x NVIDIA RTX 3090 GPUs (24 GB
each). The 100-protein benchmark is parallel across proteins and across the 50 random initialisations
per protein, so we ran these as independent processes. Wall-clock scoring times reported in Table ffa]
are per-process (not summed across parallel workers).
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Mean ligand tests for ~ Mean ligand tests for =~ Mean ligand tests for
Median PIC race to 8 race to 8.5 race to 9

All ligands 6.0 33.1 83.4 273.5
Only top 1000 ligands 6.4 229 54.6 231.1
Improvement \ 7.1% 25.8% 31.4% 18.4%

Table 6: SPADE dfter filtering using similar proteins: We trained an XGBoost classifier to predict if a
ligand has a PIC above 8. Next, we applied this classifier to rank-order ligands for 10 unseen proteins.
For each protein, we selected the top 1,000 ligands from around 16,000 candidates. Then, we ran
SPADE on this filtered set of 1,000 ligands. We report the trimmed mean of the median PIC for
both full and filtered sets. In addition, we also report the trimmed mean of the mean-ligands-to-target
(MLT) for target PICs of 8, 8.5, and 9. Overall, the filtering improves the PIC distribution: the median
PIC increases by 7%. This filtering also enhances SPADE’s performance for all target PICs, yielding
up to a 31% reduction in MLT at PIC 8.5.
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