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Abstract. Diffusion-based generative models have shown promise in
Structure-Based Drug Design (SBDD) by generating 3D ligands with
strong binding affinities. However, existing models primarily focus on
maximizing absolute potency toward a single target, neglecting selec-
tivity: the ability to maximize the affinity gap between a target and
potential off-targets. To address this, we propose TheSelective, a novel
framework that enhances molecular selectivity via an asymmetric dual-
guidance mechanism. Our approach captures on-target interactions through
complex-based graphs while estimating off-target affinity via cross-attention
between independent protein and ligand embeddings, bypassing the need
for off-target docked structures. By jointly applying these dual-affinity
signals to both atom types and spatial coordinates, TheSelective steers
the generative process toward a maximized affinity gap across both chem-
ical and geometric spaces. Experiments on the CrossDocked2020 dataset
demonstrate that our model generates ligands with superior selectivity
against both structurally similar and dissimilar off-targets. We validate
the effectiveness of our framework through comprehensive ablation stud-
ies and case analyses, highlighting its potential for real-world drug discov-
ery. The code is available at https://github.com/DannyJPark/TheSelective
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1 Introduction

Structure-based drug design (SBDD) has emerged as a cornerstone of modern
pharmaceutical development, leveraging three-dimensional structural informa-
tion of target proteins to rationally design therapeutic molecules with precise
geometric fit and chemical complementarity. Recent advances in deep generative
models, particularly diffusion-based approaches, have demonstrated remarkable
capabilities in learning the complex distributions of protein-ligand interactions.
Models such as TargetDiff [7], DecompDiff [8], and Pocket2Mol [15] have shown
success in generating 3D molecules that satisfy the structural constraints of spe-
cific protein pockets. Building upon these foundations, guidance-based methods
like KGDiff [16], BADGER [11], and TAGMol [4] have further improved binding
† Corresponding author: sanghyun@yonsei.ac.kr
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affinity and molecular properties by explicitly incorporating domain knowledge
through gradient-based guidance during the diffusion sampling process. Despite
recent advancements, prevailing SBDD approaches optimize on-target binding
affinity without penalizing off-target interactions, thereby leaving selectivity—
the affinity gap between the intended target and off-targets—entirely uncon-
trolled. Pharmacologically, such an omission is fatal: promiscuous binding to
unintended proteins is a major source of toxicity and a leading contributor to
clinical failure [9, 18].

Fig. 1. Illustration of the spatial challenge
in off-target consideration. The on-target
protein (Left, with ligand) and the off-
target protein (Right) exist in separate 3D
spaces.

Achieving molecular selectivity in
SBDD is fundamentally hindered by
two obstacles: (1) Spatial Refer-
ence Frame Mismatch. Current 3D
generative models construct ligands
within the on-target protein’s refer-
ence frame (Figure 1), precluding si-
multaneous consideration of off-target
proteins in distinct spatial configura-
tions. Since noisy intermediate ligands
are chemically invalid, standard dock-
ing cannot be used for off-target affin-
ity estimation during generation [16].
(2) Multi-Objective Divergence.
On-target and off-target proteins of-
ten exhibit substantial geometric and
chemical divergence in their binding
environments [2,10]. Optimizing a lig-
and for a high selectivity gap requires
guidance that can strategically man-
age the trade-off between competing interaction profiles with both proteins while
modulating the molecular chemical composition and geometry.

Motivated by these challenges, our research offers the following contributions:

• Alignment-Free Off-Target Prediction: To resolve obstacle (1), we in-
troduce a dual-affinity predictor framework with distinct architectures for
on-target and off-target estimation. Our off-target affinity predictor utilizes
a cross-attention mechanism over independent protein and ligand embed-
dings. This approach bypasses the need for explicit 3D spatial alignment or
docking, enabling the model to estimate off-target affinity directly during
the diffusion generation process.

• Dual-Affinity Guidance for Selectivity: To tackle obstacle (2), we inject
on-target attractive and off-target repulsive gradients into the denoising pro-
cess, steering both atomic types and coordinates toward selective molecules.
Additionally, a temporal schedule removes off-target guidance in later de-
noising steps, preventing residual conflicts during fine-grained molecular re-
finement.
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2 Methodology

2.1 Problem Statement

Structure-Based Drug Design. We represent a protein pocket as a set of
atoms P = {(xPi , zPi )}

NP
i=1, where NP denotes the number of protein atoms. Each

atom is defined by its 3D Cartesian coordinates xPi ∈ R3 and a concatenated
feature vector zPi ∈ RdP (e.g., element type, amino acid type). A ligand molecule
is defined as M = {(xMj , zMj )}NM

j=1, where NM is the number of ligand atoms.
Here, xMj ∈ R3 represents the 3D coordinates and zMj ∈ {0, 1}K represents the
one-hot encoded atom type over K possible elements. In matrix notation, the
ligand is denoted as M = [XM ,ZM ], where XM ∈ RNM×3 and ZM ∈ RNM×K

represent the concatenated coordinate and feature matrices, respectively.

Problem of Interest. Given an on-target protein Pon and an off-target protein
Poff, our primary objective is to generate a ligand M∗ that selectively binds the
target. Formally, we aim to maximize the selectivity margin:

M∗ = argmax
M

[
f(M,Poff)− f(M,Pon)

]
(1)

where f(M,P) denotes a docking score (e.g., AutoDock Vina [19]) between M
and P, with more negative values indicating stronger binding.

2.2 Diffusion Framework for Molecular Generation

Diffusion models for SBDD consist of forward and reverse processes [1].

The forward process progressively adds noise to a ligand molecule M0 =
[XM

0 ,ZM0 ] over T timesteps while keeping the protein P fixed. For atom coordi-
nates, Gaussian noise is applied:

q(XM
t |XM

0 ) = N (XM
t ;

√
ᾱtX

M
0 , (1− ᾱt)I) (2)

where ᾱt =
∏t
s=1(1− βs) with a gradually increasing variance schedule βt. For

atom types, uniform categorical noise is applied:

q(ZMt |ZM0 ) = C
(
ZMt | ᾱtZM0 +

1− ᾱt
K

1K

)
(3)

where C denotes a categorical distribution over K atom types and 1K represents
a vector of ones.

The reverse process learns to iteratively denoise MT back to M0 through a
neural network ϕθ parameterized by θ. At each timestep t, the network predicts
the clean molecule:

[X̂M
0 , ẐM0 ] = ϕθ(Mt, t,P) (4)

where X̂M
0 and ẐM0 are the predicted clean atom coordinates and types. This

prediction parametrizes the posterior distribution used to sample Mt−1 during
inference (Section 2.5).



4 Park et al.

Multi-Task Training Objective. Following recent guidance-based approaches [16],
we adopt a hybrid loss function that jointly optimizes molecule generation and
binding affinity prediction:

Ltotal = λxLcoord + λzLtype + λvLaffinity (5)

where λx, λz, λv are balancing hyperparameters.

Coordinate Loss employs the mean squared error between the predicted and
ground-truth atom positions at step t = 0, facilitating direct reconstruction:

Lcoord = Et,M0,Mt,P

[
∥XM

0 − X̂M
0 ∥2

]
(6)

Atom Type Loss minimizes the KL divergence between the true categorical pos-
terior q(ZMt−1|ZM0 ,ZMt ) and the predicted posterior pθ(Z

M
t−1|ẐM0 ,ZMt ):

Ltype = Et,M0,Mt,P

[
KL

(
q(ZMt−1|ZM0 ,ZMt ) ∥ pθ(ZMt−1|ẐM0 ,ZMt )

)]
(7)

Binding Affinity Loss trains two predictor heads: a complex-graph head gon
ψ for

on-target affinity and a cross-attention head goff
ψ for off-target affinity:

Laffinity = Et,M0,Mt,P
[
∥v − v̂on∥2 + ∥v − v̂off∥2

]
(8)

where v ∈ [0, 1] is the normalized ground-truth affinity, with higher values indi-
cating stronger binding. During training, both heads receive the same protein P
and noisy ligand Mt but differ in input processing: v̂on = gon

ψ (Mt, t,P) operates
on the complex graph, while v̂off = goff

ψ (Mt, t,P) uses independent embeddings.

2.3 Generative Model Architecture

Our denoising network consists of RefineNet, an SE(3)-equivariant backbone
based on EGNN [17]. The network processes the protein–ligand complex as
a graph, where nodes represent atoms and edges connect spatially proximate
atoms. Following the architecture of TargetDiff [7] and KGDiff [16], RefineNet
updates node features h

(ℓ)
i ∈ Rdh (SE(3)-invariant) and coordinates x

(ℓ)
i ∈ R3

(SE(3)-equivariant) at layer ℓ using a residual framework:

m
(ℓ)
ij = ϕh

(
h
(ℓ)
i ,h

(ℓ)
j , ∥x(ℓ)

i − x
(ℓ)
j ∥2, eij

)
(9)

x
(ℓ+1)
i = x

(ℓ)
i +

∑
j∈N (i)

(x
(ℓ)
i − x

(ℓ)
j ) · ϕx

(
m

(ℓ)
ij

)
(10)

h
(ℓ+1)
i = h

(ℓ)
i +

∑
j∈N (i)

m
(ℓ)
ij (11)

where m
(ℓ)
ij represents the interaction message from atom j to atom i, N (i) de-

notes the set of neighboring atoms, and eij represents edge features. Here, ϕh
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Fig. 2. Overview of TheSelective. The model takes an on-target–ligand complex,
noisy ligand, and an off-target protein as separate inputs, encodes them via an SE(3)-
equivariant RefineNet, and performs dual affinity-guided reverse diffusion to generate
molecules with high on-target binding and low off-target binding.

is an MLP that computes the message embeddings, and ϕx outputs a scalar
weight to modulate radial updates. After L layers, RefineNet produces the
predicted clean ligand coordinates X̂M

0 and refined embeddings for both pro-
tein atoms HP ∈ RNP×dh and ligand atoms HM ∈ RNM×dh . The ligand em-
beddings HM are passed to a prediction head to obtain clean atom types:
ẐM0 = softmax(MLPZ(HM )).

2.4 Asymmetric Dual Affinity Predictors

As introduced in Section 1, the ligand Mt is constructed within the on-target
protein’s coordinate system, enabling direct 3D interaction modeling for the
on-target complex [Pon,Mt]. However, the off-target protein Poff resides in a
separate spatial frame, rendering explicit 3D interaction modeling infeasible. To
address this, we design two distinct affinity predictors: the complex-graph head
gon
ψ for on-target affinity and the cross-attention head goff

ψ for off-target affinity.

On-Target Affinity Predictor gon
ψ . The complex graph [Pon,Mt] is jointly

processed by RefineNet, yielding ligand atom embeddings HM that encode ex-
plicit 3D protein-ligand interactions. Following KGDiff [16], the on-target affinity
is predicted via a per-atom MLP and mean aggregation:

v̂on =
1

NM

NM∑
j=1

σ
(
MLPon(h

M
j )

)
(12)

where σ(·) is the sigmoid function.
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Off-Target Affinity Predictor goff
ψ . The ligand and off-target protein are inde-

pendently processed by RefineNet, yielding interaction-free embeddings HM ′ ∈
RNM×dh and Hoff ∈ RNoff×dh , respectively. These are then processed via bidi-
rectional cross-attention to predict off-target affinity.

Protein-to-Ligand Attention. Each off-target protein atom queries all ligand
atoms to identify which protein regions are engaged by the ligand. The pro-
tein embeddings serve as queries (Q1), while the ligand embeddings serve as
keys and values (K1,V1), and v̂

(P )
off is the mean of per-atom affinity predictions

from the updated off-target protein embeddings:

Q1 = Hoff, K1 = V1 = HM ′
(13)

H̃off = softmax
(
Q1K

⊤
1√

dh

)
V1 ∈ RNoff×dh (14)

v̂
(P )
off =

1

Noff

Noff∑
i=1

σ
(
MLP(P )

off (h̃off
i )

)
(15)

Ligand-to-Protein Attention. Each ligand atom queries all off-target protein
atoms to reveal which ligand atoms contribute to off-target binding. The lig-
and embeddings serve as queries (Q2), while the protein embeddings serve as
keys and values (K2,V2), and v̂

(M)
off is the mean of per-atom affinity predictions

from the updated ligand embeddings:

Q2 = HM ′
, K2 = V2 = Hoff (16)

H̃M ′
= softmax

(
Q2K

⊤
2√

dh

)
V2 ∈ RNM×dh (17)

v̂
(M)
off =

1

NM

NM∑
j=1

σ
(
MLP(M)

off (h̃M
′

j )
)

(18)

Aggregation. The final off-target affinity averages both perspectives:

v̂off =
1

2

(
v̂
(P )
off + v̂

(M)
off

)
(19)

2.5 Scheduled Dual-Affinity Guided Generation

Diffusion models exhibit a coarse-to-fine dynamic: early steps establish the global
molecular scaffold, while later steps refine local geometric details. Applying off-
target repulsive gradients during late-stage refinement risks disrupting the del-
icate on-target binding geometry. We therefore adopt a scheduled guidance
strategy over the full T = 1000 denoising trajectory (t : 1000 → 0) with a
transition timestep ts = 500: for t > ts, both on-target and off-target signals
guide generation; for t ≤ ts, only on-target guidance is retained.
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Atom Coordinate Guidance. We apply coordinate guidance by shifting the
posterior mean of the transition kernel and sampling the previous coordinates
XM
t−1 from the modified Gaussian distribution N :

XM
t−1 ∼ N

(
µ̃t(X

M
t , X̂M

0 ) + sβ̃t

(
won · ∇XM

t
v̂on − 1[t>ts] · woff · ∇XM

t
v̂off

)
, β̃tI

)
(20)

where s is the coordinate gradient scale, won/off are guidance strengths, and
µ̃t(X

M
t , X̂M

0 ) =
√
ᾱt−1βt

1−ᾱt
X̂M

0 +
√
αt(1−ᾱt−1)

1−ᾱt
XM
t is the posterior mean computed

from the predicted clean coordinates X̂M
0 (Section 2.3), with posterior variance

β̃t =
1−ᾱt−1

1−ᾱt
βt.

Atom Type Guidance. At timestep t, the one-hot encoded atom types ZMt ∈
{0, 1}NM×K are relaxed with a small constant ϵ > 0 to enable gradient compu-
tation on discrete variables:

Zϵ = ZMt + ϵ · 1 (21)

where 1 ∈ RNM×K is an all-ones matrix. The guided atom types are computed
by injecting the affinity gradients to the relaxed input Zϵ:

logZ′M
t = logZϵ + r

(
won · ∇Zϵ

v̂on − 1[t>ts] · woff · ∇Zϵ
v̂off

)
(22)

where r is the atom type gradient scale. The guided Z′M
t is fed into the categorical

posterior C to sample ZMt−1:

ZMt−1 ∼ C
(
c̃t(Z

′M
t , ẐM0 )

)
(23)

where c̃t computes the categorical posterior probabilities [7] and ẐM0 is the pre-
dicted clean atom types (Section 2.3).

3 Experiments and Results

3.1 Experimental Setup

Dataset. We employed the CrossDocked2020 dataset [6] for both training and
evaluation. Following standard practices [7,15], the dataset was filtered (RMSD
< 1Å; sequence identity < 30% between splits), resulting in approximately
100,000 training pairs and 100 test proteins.

Fig. 3. Examples of TM-Score.

To systematically evaluate selectivity
across different structural similarity regimes,
we constructed two test sets based on pairwise
TM-scores [20], defined as:

TM-score = max

 1

Ltarget

Lali∑
i=1

1

1 +
(
di
d0

)2


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where Ltarget is the target protein length, Lali is the number of aligned residue
pairs, di is the distance between the i-th pair, and d0 is a normalization thresh-
old. The TM-score ranges in (0, 1], with 1 indicating perfect structural match.
For each test pocket, the TM-High pairs it with the most structurally similar
protein, while the TM-Low pairs it with a geometrically distinct protein.

Baselines and Evaluation Metrics. We compare against several SBDD base-
lines: TargetDiff [7], KGDiff [16], and BInD [12]. For each test pair, each model
generates a fixed number of ligand candidates, and all reported metrics fol-
low the same aggregation: Avg. denotes the mean of per-pair average scores,
and Med. denotes the mean of per-pair median scores. Generated ligands are
assessed in terms of binding affinity and molecular properties. Following
previous work [7, 13, 16], we use AutoDock Vina [19] to compute on-target and
off-target docking scores; Selectivity is defined as the difference between them.
For molecular properties, we report QED [3] (drug-likeness) and SA [5] (syn-
thetic accessibility), both normalized to [0, 1], with higher being better. Success
denotes the proportion of molecules validly reconstructed by Open Babel [14]
that achieve successful docking outcomes for both proteins.

3.2 Performance on TM-Score Datasets

Tables 1 and 2 summarize the overall performance on TM-High and TM-Low
protein pairs, respectively, with the best results highlighted in bold.

Table 1. Evaluation Results of TM-High Protein Pairs

Models

Metrics
On-Dock(↓) Off-Dock(↑) Selectivity(↑) QED(↑) SA(↑) Success(↑)

Avg. Med. Avg. Med. Avg. Med. Avg. Med. Avg. Med. Value

Reference -7.400 -7.179 -7.168 -7.056 0.231 0.083 0.482 0.469 0.736 0.745 98%

BInD [12] -7.510 -7.569 -7.391 -7.422 0.120 0.062 0.505 0.503 0.658 0.661 88.1%

TargetDiff [7] -7.583 -7.577 -7.405 -7.391 0.178 0.165 0.469 0.466 0.585 0.591 91.0%

KGDiff [16] -9.290 -9.309 -8.446 -8.466 0.844 0.727 0.527 0.537 0.548 0.550 85.6%

TheSelective -9.969 -9.958 -8.994 -9.001 0.975 0.923 0.495 0.500 0.534 0.535 50.2%

Table 2. Evaluation Results of TM-Low Protein Pairs

Models

Metrics
On-Dock(↓) Off-Dock(↑) Selectivity(↑) QED(↑) SA(↑) Success(↑)

Avg. Med. Avg. Med. Avg. Med. Avg. Med. Avg. Med. Value

Reference -7.451 -7.293 -5.414 -5.424 2.037 1.869 0.475 0.469 0.728 0.740 97%

BInD [12] -7.536 -7.589 -5.608 -5.643 1.928 1.934 0.502 0.500 0.654 0.656 89.1%

TargetDiff [7] -7.566 -7.552 -5.567 -5.564 1.999 1.993 0.467 0.464 0.583 0.591 91.9%

KGDiff [16] -9.343 -9.366 -6.345 -6.393 2.998 2.980 0.528 0.538 0.546 0.549 85.6%

TheSelective -9.954 -9.909 -6.591 -6.588 3.363 3.259 0.511 0.514 0.557 0.561 56.9%
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For TM-High pairs (Table 1), TheSelective achieves the highest selectivity
(∆avg = 0.975, ∆med = 0.923 kcal/mol), outperforming the strongest baseline
KGDiff (∆avg = 0.844, ∆med = 0.727) by 15.5% and 27.0% improvements in
average and median, respectively. TheSelective also attains the best on-target
docking scores (−9.969 avg., −9.958 med.), indicating that the selectivity gains
do not compromise on-target binding strength.

For TM-Low pairs (Table 2), TheSelective again achieves the best selectivity
(∆avg = 3.363, ∆med = 3.259), surpassing KGDiff (∆avg = 2.998, ∆med =
2.980) with improvements of 12.2% and 9.4%, while maintaining the strongest
on-target docking (−9.954 avg., −9.909 med.). The consistent improvements
across both settings demonstrate that our model reliably generates selective
ligands regardless of the structural relationship between target and off-target
proteins.

Molecular Quality Assessment. Across both settings, TheSelective main-
tains comparable QED and SA scores to the baselines. As noted in prior work [7,
16], these metrics serve as rough filters rather than primary optimization targets,
and our results fall within an acceptable range. We observe a reduction in Suc-
cess Rate, which reflects the inherent tension of jointly optimizing for on-target
potency and off-target avoidance. Integrating validity-aware constraints into the
guidance process is a promising direction for future work.

3.3 Ablation Analysis of Guidance Contributions

Table 3 presents ablation studies to validate the contribution of each component
in our guidance mechanism. We compare five configurations: No Guidance
(baseline diffusion without guidance), On-Tgt Guide (maximizing on-target
affinity only), Off-Tgt Guide (minimizing off-target affinity only), Dual Guide
(utilizing both signals throughout all timesteps), and Dual Guide, Scheduled
(our complete framework with scheduling).

Table 3. Experimental Results of Guidance Effects

Data TM-High TM-Low

Methods

Metrics On-Dock(↓) Off-Dock(↑) Selectivity(↑) On-Dock(↓) Off-Dock(↑) Selectivity(↑)

Avg. Med. Avg. Med. Avg. Med. Avg. Med. Avg. Med. Avg. Med.

No Guide -7.894 -7.875 -7.729 -7.724 0.165 0.112 -7.892 -7.864 -5.771 -5.769 2.121 2.064

On-Tgt Guide -9.204 -9.098 -8.568 -8.621 0.636 0.536 -9.193 -9.066 -6.349 -6.340 2.843 2.756

Off-Tgt Guide -7.909 -7.856 -7.873 -7.806 0.036 0.047 -8.095 -7.998 -5.844 -5.774 2.251 2.216

Dual Guide -9.302 -9.334 -8.673 -8.672 0.628 0.588 -9.306 -9.252 -6.353 -6.367 2.953 2.890

Dual Guide, Scheduled -9.969 -9.958 -8.994 -9.001 0.975 0.923 -9.954 -9.909 -6.591 -6.588 3.363 3.259

We observe that on-target guidance alone improves on-target affinity but
yields limited selectivity, while off-target guidance alone provides insufficient
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Fig. 4. Case studies comparing TheSelective-generated molecules (top) with reference
ligands (bottom). Left: High TM-score pair (4XLI/4IWQ). Right: Low TM-score pair
(4Z2G/2GNS).

direction for strong on-target binding. The dual guidance configuration outper-
forms either single-guidance variant, confirming that complementary modeling
of both binding signals is essential for selective generation. Furthermore, ap-
plying temporal scheduling to the dual guidance yields the highest selectivity
across both TM-score regimes, as transitioning to on-target-only guidance at
later timesteps allows the model to first establish selectivity-aware scaffolds and
then refine on-target binding without continued off-target perturbation.

3.4 Case Studies

To validate the practical applicability of our framework, we analyze generated
molecules against two representative protein pairs with distinct structural sim-
ilarity profiles. Figure 4 illustrates the binding poses and selectivity metrics
compared to reference ligands.

High TM-Score Case: We examined Abelson tyrosine-protein kinase 2 (PDB
ID: 4XLI, on-target) paired with the structurally similar TANK-binding ki-
nase 1 (PDB ID: 4IWQ, off-target). The reference ligand shows poor selec-
tivity (∆ = 0.389 kcal/mol), with comparable affinities for both targets. In
contrast, TheSelective generates a ligand that substantially amplifies selectivity
(∆ = 2.505 kcal/mol), primarily driven by a marked enhancement in on-target
affinity (−11.160 kcal/mol). This result suggests that our guidance mechanism
exploits subtle differences in the ATP-binding site architectures of homologous
kinases to prioritize on-target interactions.
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Low TM-Score Case: We compared chitinase B from Serratia marcescens
(PDB ID: 4Z2G, on-target) with the structurally distinct phospholipase A2 from
Daboia russelii (PDB ID: 2GNS, off-target). While the reference ligand exhibits
moderate selectivity (∆ = 1.611 kcal/mol), TheSelective achieves a superior
selectivity margin (∆ = 3.704 kcal/mol). The generated molecule optimizes geo-
metric and chemical complementarity within the 4Z2G pocket (−9.496 kcal/mol)
through favorable interactions with the deep substrate-binding cleft of chitinase
B, while maintaining a significant affinity gap against the off-target (−5.683
kcal/mol). These results indicate that, even for structurally dissimilar protein
pairs, our guidance strategy effectively leverages the divergent binding pocket
geometries to produce ligands with enhanced selectivity.

4 Conclusion

In this work, we presented TheSelective, a diffusion-based SBDD framework
that explicitly addresses molecular selectivity by incorporating both on-target
and off-target binding affinity signals into the generative process through a sched-
uled dual-guidance mechanism. Empirical evaluations on the CrossDocked2020
dataset [6] confirm that TheSelective consistently achieves the highest selectivity
across both TM-High and TM-Low protein pair regimes, demonstrating its effec-
tiveness regardless of the structural relationship between on-target and off-target
proteins. Ablation studies further validate that the combination of dual guidance
with temporal scheduling is essential for achieving high selectivity. Case studies
on representative protein pairs show that TheSelective can generate ligands with
substantially improved selectivity margins. Despite these promising results, we
observe that the dual-objective guidance leads to lower success rates in molecular
reconstruction. Future work will explore multi-objective strategies that jointly
enhance selectivity, structural validity, QED, and SA. Nonetheless, our frame-
work establishes a practical foundation for incorporating selectivity as an explicit
design objective in structure-based molecular generation, taking a step toward
therapeutic candidates that balance potency with target discrimination.
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