
85

© The Author(s) 2025. This article is licensed under a Creative Commons Attribution-NonCommercial 
4.0 International Licence (https://creativecommons.org/licenses/by-nc/4.0/). The licence permits any 
non-commercial use, sharing, adaptation, distribution and reproduction in any medium or format, 

provided you give appropriate credit to the original author(s) and the source, provide a link to the licence, and indicate if 
changes were made. For commercial reuse, permission must be obtained from the copyright holder.

A hypothesis-driven theoretical framework for a 
learnable geometric functional in mutation-conditioned 
ligand–receptor affinity prediction

Ioan-Matei Rusu 1, Juliana Margineanu 1, 2, Stefan-Rares Maxim 1, Radu Magop 1, George Smau 2, 
Razvan Rotaru 2, Ionel-Bogdan Tamba 1 *

1 Prof. Ostin C. Mungiu Advanced Research and Development Center for Experimental Medicine – CEMEX, 
Grigore T. Popa University of  Medicine and Pharmacy, Iasi, Romania

2 Alexandru Ioan Cuza University, Iasi, Romania

* Correspondence to: Ionel-Bogdan Tamba, Prof. Ostin C. Mungiu Advanced Research and Development Center for 
Experimental Medicine – CEMEX, Grigore T. Popa University of  Medicine and Pharmacy, 16 Universitatii Str., 700115, Iasi, 
Romania. E-mail: bogdan.tamba@umfiasi.ro

Hypothesis

Received: 11 August 2025
Accepted: 9 September 2025

Abstract
Predicting ligand–receptor binding affinity remains a cornerstone of  modern drug discovery, enabling the identifica-
tion of  potential therapeutic compounds with high potency and selectivity. We introduce a new, interpretable frame-
work that decomposes the total affinity into a geometric component and an energetic correction. The geometric 
term is defined as a learnable functional over overlapping atomic density fields and orientation-aware kernels, pro-
viding a measure of  3D shape complementarity that is explicitly invariant to global rotations and translations. The 
energetic component is estimated via a lightweight, symmetry-preserving surrogate graph network, capturing effects 
such as electrostatic interactions and solvation while remaining modular and extensible. A mutation-conditioned 
message-passing mechanism enables adaptation to receptor variants without recomputing expensive quantum data, 
addressing challenges in personalized medicine and protein engineering. An active learning loop links model pre-
dictions to sparse DFT reference points, balancing physical accuracy and computational efficiency through uncer-
tainty-guided selection. This article is submitted as a hypothesis framework paper: it proposes a conceptual, testable 
architecture (with a proposed validation roadmap) rather than reporting validated predictive performance.
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Introduction
In 2025, drug discovery relies increasingly 

on computational strategies to identify promis-
ing ligands prior to synthesis, significantly reduc-
ing time and costs associated with experimental 
screening. Central to this process is predicting the 
binding affinity (∆G, Kd) between a small molecule 
(ligand) and its target receptor (typically a pro-

tein) — a quantity that dictates potency, selectivi-
ty, and overall therapeutic efficacy [1–8].

Classical approaches, such as molecular dock-
ing and molecular mechanics (e.g., MM-PBSA/
MM-GBSA), offer rapid approximations but often 
lack the precision needed for complex biomolecu-
lar interactions and can suffer from scoring-func-
tion bias and limited generalizability [9–11]. In con-
trast, quantum mechanical methods like Density 
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Functional Theory (DFT) provide high accuracy 
by modeling electron densities and energies, but 
at a prohibitive computational cost, limiting their 
scalability to large datasets or high-throughput 
screening [12, 13].

Recent advances in graph neural networks 
(GNNs), equivariant 3D neural architectures, and 
geometric deep learning have enabled data-driv-
en models to approximate these relationships 
with remarkable efficiency, both from sequence 
and structure-level representations [1–4]. These 
models represent molecules as graphs, where 
atoms or residues are nodes and bonds or con-
tacts are edges, learning to predict affinities from 
structural features. However, most deep learning 
architectures remain black boxes, offering limited 
interpretability into the underlying physical mech-
anisms. This opacity hinders trust in predictions 
and complicates integration with domain knowl-
edge, especially in safety-critical settings [5].

Moreover, many existing models are trained 
on static complexes from curated datasets such 
as PDBbind and CASF-2016 [6–8], and often fail to 
generalize to:

•	 Mutated or engineered receptors (e.g., 
variants arising in protein design or 
genomics-driven personalized medicine);

•	 New chemical series far from the training 
data;

•	 Data-poor regimes where high-quality ex-
perimental or quantum labels are sparse.

To address these limitations, we hypothesize 
that the total binding affinity can be represented 
as a sum of two interpretable contributions:

Atotal = Ageom + Aener

where: Ageom encodes 3D geometric complemen-
tarity (shape and orientation matching). Aener ac-
counts for energetic effects (electrostatics, van 
der Waals forces, solvation, polarization etc.).

This separation draws inspiration from phys-
ical chemistry principles, such as the decomposi-
tion into force fields and implicit-solvent models, 
and provides a route to physical interpretability 
and modular learning.

By making the geometric term a learnable yet 
analytically grounded functional, and the ener-
getic term a lightweight surrogate, our approach 
aims to bridge data-driven AI with physics-based 
modeling. Concretely, we propose a hybrid frame-
work that:

•	 Defines a learnable geometric functional 
over overlapping atomic Gaussian den-
sities, allowing for differentiable optimi-
zation, explicit control over shape com-
plementarity, and built-in rotational and 
translational invariance;

•	 Introduces a mutation-conditioned 
message-passing network that adapts 

embeddings locally to handle receptor 
variants efficiently, rather than treating 
mutations only as global features;

•	 Employs an active DFT feedback loop for 
selective quantum calibration, leveraging 
uncertainty estimates from ensembles to 
minimize computational overhead while 
ensuring accuracy;

•	 Maintains a physically interpretable de-
composition by enforcing consistency 
between a geometric pseudo-potential 
and an energetic surrogate, with regular-
ization to avoid degeneracy between the 
two contributions.

This work should be read as a conceptual and 
theoretical framework since we do not present nu-
merical experiments. However, we specified the 
model family, training objective, symmetry con-
siderations, and an evaluation plan on benchmarks 
such as PDBbind and CASF-2016. The objective is 
to provide a physically motivated blueprint for fu-
ture implementations rather than a finalized pre-
dictive tool.

Related work

a. Structure-based deep learning for  
    binding affinity

Structure-based deep learning for binding 
affinity prediction has progressed rapidly over 
the last decade, driven by improved structural 
databases and advances in representation learn-
ing [1–3, 5]. Many models operate directly on 3D 
structures from PDBbind and related datasets [6, 
7], achieving competitive performance to or sur-
passing classical scoring functions on CASF-type 
benchmarks [8].

Graph neural networks (GNNs) encode at-
om-level or residue-level interactions through 
message passing and have achieved state-of-the-art 
performance on PDBbind core and refined sets. 
For instance, the Geometric Interaction Graph 
Neural Network (GIGN) incorporates 3D spatial 
information and physical interaction terms to 
model covalent and noncovalent interactions in 
a unified message-passing scheme [14]. SS-GNN 
adopts a simple-structured GNN with a dis-
tance-threshold-based graph, reducing graph size 
while maintaining high predictive accuracy [15]. 
GraphScoreDTA combines GNNs with Vina-in-
spired distance terms and bi-transport mecha-
nisms to improve docking and scoring power si-
multaneously [16].

Hybrid models that incorporate phys-
ics-based constraints or energy terms have been 
proposed to improve interpretability and general-
ization. PIGNet, for example, predicts atom–atom 
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pairwise interaction energies via physics-in-
formed equations parameterized by neural net-
works and sums them to obtain the total binding 
affinity [17]. Physics-guided neural networks cou-
ple implicit-solvent models with GNNs to better 
match experimental and simulation-based free 
energies [18]. These approaches show that em-
bedding physical structure into the network can 
reduce overfitting and improve extrapolation to 
new chemotypes.

Recent works like the Edge-Enhanced Inter-
action Graph Network (EIGN) emphasize rich edge 
features and adaptive encoders for protein–ligand 
complexes, demonstrating competitive perfor-
mance on PDBbind and CASF-2016 [19]. PLAIG 
proposes a generalized GNN-based framework 
that converts 3D protein–ligand complexes into 
graph-structured data and uses ensemble regres-
sors to mitigate overfitting [20]. Such models high-
light the trend toward more physically grounded 
and structurally rich neural architectures.

b. Handling mutations and data bias
Handling receptor mutations remains under-

explored relative to wild-type modeling. GraphPPI 
introduces a pre-trained graph neural network 
augmented with gradient boosting trees to predict 
changes in protein– protein binding affinity upon 
mutations [21–23]. While successful in capturing 
mutation effects, such approaches typically treat 
mutations as features in a downstream predictor 
rather than integrating them directly into the lo-
cal message-passing dynamics for protein–ligand 
interactions.

Concurrently, several studies have shown 
that benchmark leakage and dataset bias can in-
flate apparent performance of deep models and 
hinder generalization across targets and chem-
otypes. Recent reviews and benchmark analy-
ses emphasize the need for physically motivat-
ed inductive biases, robust evaluation splits, and 
uncertainty quantification in affinity prediction 
[3–5]. Our formulation, which separates geometric 
and energetic contributions and explicitly models 
mutation-conditioned messages, aims to be com-
patible with improved, bias-reduced datasets and 
evaluation protocols.

c. Relation to equivariant GNNs and  
    density-based methods

Equivariant neural networks for molecules 
and materials—including SchNet [24], DimeNet 
[25], EGNN [26], and SE(3)- and E(3)-Transform-
ers [27, 28]—have demonstrated the importance 
of encoding 3D geometry in a way that respects 
physical symmetries. More recently, architectures 
such as TorchMD-Net and related models have 
leveraged equivariant message passing for molec-

ular dynamics and potential energy surfaces [29]. 
These methods often represent interactions via 
learned continuous filters over interatomic dis-
tances and sometimes angular information, en-
forcing rotational and translational invariance or 
equivariance by construction.

Our geometric functional shares conceptual 
similarities with density-overlap and shape-com-
plementarity approaches from classical molecular 
recognition, where overlapping Gaussian rep-
resentations or smooth surface approximations 
are used to quantify 3D complementarity. By for-
mulating Ageom as a learnable functional over over-
lapping atomic Gaussian densities, we bridge clas-
sical density-based methods and modern neural 
architectures. Unlike standard equivariant GNNs, 
which often rely on message passing over discrete 
graphs, the present framework starts from con-
tinuous density fields whose pairwise overlaps 
are modulated by a neural kernel. In addition, we 
explicitly maintain a separate energetic surrogate 
Esur and enforce a consistency relation between 
the geometric and energetic contributions, which 
is less common in existing equivariant GNNs.

Finally, our use of DFT-calibrated active 
learning connects to ∆-learning and orbital-in-
formed models (e.g., OrbNet and related schemes) 
that augment lower-level or empirical methods 
with quantum mechanical corrections [30]. In our 
case, quantum data is employed selectively via 
uncertainty-driven acquisition, with the goal of 
aligning a physically interpretable decomposition 
rather than directly regressing total energies.

Theoretical framework and 
conceptual formulation

The following section formalizes the pro-
posed model family at the level of a theoretical and 
conceptual specification. Any datasets, baselines, 
metrics, and benchmarking are presented later 
strictly as a proposed future validation strategy.

a. Overview and  
    problem formulation

We consider a ligand L and a receptor R form-
ing a complex C = (L,R), with a given binding pose 
obtained from crystallography, docking, or struc-
ture prediction. We assume access to:

•	 Atomic coordinates {ri} and features {ti} 
for all atoms in L and R;

•	 Mutation annotations for residues in R 
(e.g., wild-type vs. mutant amino acids 
and positions);

•	 Experimental binding affinity labels Aexp 
for a subset of complexes; 

•	 Optional high-fidelity quantum reference 
values ADFT for a small set of complexes.
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The learning task is to construct a model

(L,R,mutations) ↦ Apred (L,R) ≈ Atotal (L,R)      (1)

where Atotal is the true binding affinity (e.g., −∆G 
in kcal/mol or a transformed pKd).

We decompose

Apred = αAgeom + βEsur + b      (2)

where Ageom a geometric functional, Esur an energetic 
surrogate output, α, β, b learned scalar parameters.

b. Geometric functional formulation
To capture shape complementarity in a 

smooth and differentiable manner, we represent 
each molecule by atomic Gaussian densities, ap-
proximating atomic volumes as continuous fields 
rather than discrete points. This approach is in-
spired by electron-density-based methods in 
quantum chemistry and the Gaussian product 
theorem, which allows analytic evaluation of over-
lap integrals in Kohn–Sham DFT with Gaussian 
basis sets [12, 13].

The density fields are defined as:

where wi are weights (e.g., functions of atomic type 
or hybridization); σi are widths (e.g., related to van 
der Waals radii); ri are atomic positions.

We define a continuous geometric affinity as:

Ageom=∫ ρL(r)ρR(r)Kθ(d(r;L,R))dr,      (5)

where Kθ is a learnable kernel (e.g., a small neu-
ral network) depending on local distances d and 
possibly orientation-derived invariants. Intuitive-
ly, ρLρR encodes how much the two density fields 
overlap at position r, and Kθ reweights this overlap 
based on local geometry and chemistry.

Using standard identities for products of 
Gaussians, the integral can be discretized analyti-
cally into a sum over atomic pairs (i, j):

where rij = ∥ri−rj∥; gij denotes a collection of rota-
tionally and translationally invariant geometric 
quantities (e.g., distances, possibly angle-based 
invariants constructed over local triplets); ti,tj are 
atomic features (e.g., element type, partial charge), 
C(σi,σj) is a normalization constant; ϕθ is a neural 
kernel (e.g., an MLP) that modulates the Gaussian 
overlap based on contextual features.

A typical choice for the normalization is:

C(σi,σj)=(2π)-3/2(σi
2+σj

2)-3/2      (7)

which arises from the integral of the product of 
two 3D Gaussians. Because ϕθ depends only on 
invariant quantities gij and local features, Ageom is 
invariant to global rigid motions of the complex. 
The sum can be truncated with a cutoff radius rc 
to maintain tractable complexity, using neighbor 
lists or cell lists to reduce the effective number of 
interacting pairs.

Detailed mathematical derivations, normal-
ization constants, and gradient expressions un-
derlying the geometric functional are provided in 
Appendix A (mathematical details and derivations).

c. Energetic component and consistency
The geometric term alone cannot capture 

long-range electrostatics, solvation, polarization 
effects, or subtle entropic contributions that are 
implicitly handled in methods like MM-PBSA/
MM-GBSA and implicit solvent DFT calculations 
[10–12]. To account for these non-geometric ef-
fects, we introduce a secondary lightweight, sym-
metry-preserving GNN that acts as an energetic 
surrogate Esur.

The complex C is represented as a graph 
whose nodes are atoms (or residues) and edges 
encode covalent bonds and noncovalent contacts. 
Node features may include element type, formal 
charge, partial charges, hybridization, solvent-ac-
cessible surface area, and simple environment de-
scriptors (e.g., degree, local density). Edge features 
can include interatomic distances, contact types 
(hydrogen bond, π–π stacking, salt bridge etc.), and 
bond orders.

A compact message-passing network pro-
cesses this graph to output a scalar:

Esur=fGNN (C;ψ),      (8)

where ψ are parameters of the surrogate network. 
To maintain invariance to global rigid mo-

tions, messages are restricted to depend on invar-
iant quantities such as interatomic distances and 
internally constructed angle features, following 
the design principles of SchNet- or DimeNet-type 
architectures [24, 25].

To maintain interpretability of the decom-
position Ageom + Aener, we introduce a consistency 
loss that regularizes the relationship between Apred, 
Ageom, and Esur:
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where fψ is a possibly non-linear mapping (e.g., a 
1–2 layer MLP).

To limit degeneracy between Ageom and 
Esur — where one term could, in principle, mimic 
the other — we additionally regularize the com-
plexity of the energetic surrogate via weight de-
cay or direct penalties on its variance:

L 
reg=λsur Ex (Esur (x)2)      (12)

encouraging Esur to act primarily as a correction to 
a dominant geometric contribution when the data 
supports such a decomposition.

d. Mutation-conditioned message passing
Receptor mutations alter local structures 

and energies, requiring adaptive modeling that 
can generalize across variant receptors. We in-
troduce mutation embeddings mr for each affect-
ed residue r, which encode aminoacid changes 
(e.g., wild-type vs. mutant identity, biochemical 
properties, and position). These embeddings can 
be initialized from amino-acid descriptors or 
pre-trained protein language models and are then 
fine-tuned jointly with the rest of the model.

Let Rmut denote the set of mutated residues in 
the receptor. For each receptor node i, we define:

mi = {mr   if i ϵ r ϵ Rmut, 0   otherwise.      (13)

Node features are initialized as:

hi
(0) = [fi,mi],      (14)

where fi includes standard structural and chemi-
cal descriptors (element, charge, SASA, secondary 
structure etc.).

Message passing in the receptor (and recep-
tor–ligand interface) uses attention that is condi-
tioned on mutation embeddings:

where eij are edge features (e.g., distance, contact 
type); aθ is a small neural network. 

In practice, the attention scores are con-
structed from invariant functions of geometric 
quantities (e.g., distances and angles) to preserve 
symmetry. This allows the local propagation of mu-
tation effects through the interaction graph, mod-
ifying effective interaction strengths in a learned, 
context-dependent way without recomputing ex-
pensive quantum properties for each variant. For 
mutation-focused tasks (e.g., ∆G prediction), one 
can compute differences in predicted affinities 
between wild-type and mutant receptors using a 
shared parameterization of the underlying model.

e. Active learning with DFT feedback

To integrate high-fidelity quantum data 
sparingly, we consider an active learning strategy 
where the model queries DFT calculations only for 
the most informative complexes. Let Dexp denote 
experimental affinity data (e.g., from PDBbind) and 
DDFT denote a small set of complexes with reliable 
quantum reference values (e.g., relative free ener-
gies from DFT-based protocols).

We maintain an ensemble of K models {f  (k)}K
k-=1 

trained with different random seeds or bootstrap 
resampling. For a given unlabeled complex x, the 
predictive mean and variance are:

where u(x) serves as an uncertainty estimate in the 
spirit of deep ensembles [23]. 

High-uncertainty examples are prioritized 
for DFT evaluation.

The active learning loop proceeds as follows: 
this loop prioritizes complexes where the model is 
most uncertain, aiming to maximize information 
gain per DFT evaluation and gradually align the 
surrogate decomposition with quantum reference 
data.

f. Training objective
Let Aexp(x) denote experiental affinities and 

ADFT(x) quantum-based references. The total loss 
combines contributions from experimental re-
gression, quantum calibration, consistency, rank-
ing, and regularization:

L = λexp ExϵDexp (Apred (x) – Aexp (x))2 +  
+ λDFT ExϵDexp (Apred (x) – ADFT (x))2 + λcons Ex L consist (x) +  

+ λrank L rank+λsur L reg,      (19)

where Lrank can be a margin-based loss enforc-
ing correct ordering of affinities for ligand series 
against a given receptor, as in CASF-style scoring 
and ranking power evaluations [8]. 

The hyperparameters λ. are tuned based on 
validation performance and desired trade-offs 
between geometric dominance, energetic correc-
tions, and quantum calibration.

Proposed validation strategy
Because this manuscript is a theoretical con-

tribution, we outline below a concrete and testable 
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validation roadmap for a future implementation, 
including dataset selection, baselines, evaluation 
protocols, and quantum-calibrated active-learn-
ing experiments (Figures 1–3).

a. Proposed datasets
PDBbind and CASF. The PDBbind database 

provides curated protein–ligand complexes with 
experimental binding affinities. Standard splits 
(general, refined, and core sets) are commonly used 
for training and evaluation [6, 7]. CASF-2016 offers 
a curated subset of 285 complexes with standard-
ized scoring, ranking, docking, and screening pow-
er metrics [8].

Mutation datasets
To evaluate mutation-conditioned behavior, 

one could:
•	 Mine protein–ligand complexes with 

known point mutations from the PDB and 
literature;

•	 Construct synthetic receptor variants 
by introducing point mutations in bind-
ing pockets using modeling tools (e.g., 
PyMOL, Rosetta, or AlphaFold-based pro-
tocols) followed by structural relaxation;

•	 Where available, leverage experimental 
datasets of binding affinity changes upon 
mutation.

Quantum reference data. For a small subset 
of complexes (e.g., tens to hundreds), DFT calcula-
tions could be performed to estimate binding free 
energies or relative energy differences between 
poses and mutants. These would populate DDFT and 
be used for calibration via LDFT and active learning.

b. Proposed baselines
Baseline models should include:
•	 GIGN for geometric interaction mode-

ling [14];
•	 SS-GNN as a simple yet strong GNN base-

line on PDBbind [15];
•	 GraphScoreDTA with Vina-inspired dis-

tance terms [16];
•	 PIGNet and physics-guided neural net-

works for hybrid physics–ML comparison 
[17, 18];

•	 PLAIG and EIGN for recent struc-
ture-based GNNs with strong CASF per-
formance [19, 20];

•	 GraphPPI and related mutation-focused 
models as references for mutation condi-
tioning [21];

•	 Equivariant 3D GNNs such as SchNet, 
DimeNet, EGNN, and SE(3)-Transformers 
to benchmark the impact of the explicit ge-
ometric functional relative to end-to-end 
equivariant architectures [24–28].

Figure 1. Model pipeline for affinity prediction.

Figure 2. Mutation-aware attention and affinity difference estimation.

Figure 3. Iterative uncertainty-driven learning with DFT oracle.
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c. Proposed metrics and  
    evaluation protocols

Standard quantitative measures include 
RMSE and MAE for affinity prediction, Pearson and 
Spearman correlation coefficients for trend agree-
ment, and CASF-style metrics for scoring, rank-
ing, and docking power [8]. For mutation-focused 
experiments, one can additionally measure ∆G 
prediction error between wildtype and mutant 
complexes.

Evaluation protocols should follow commu-
nity standards:

•	 Random splits and scaffold-based splits 
to assess generalization to novel chemo-
types;

•	 Target-level splits to assess performance 
on unseen proteins;

•	 Mutation-based splits to test generaliza-
tion from wild-type to mutants.

d. Ablation studies
Ablations would isolate the contribution of:
1.	 The geometric functional Ageom vs. stand-

ard GNN encodings;
2.	 Mutation conditioning vs. non-condi-

tioned message passing;
3.	 Active learning with DFT vs. training only 

on experimental data;
4.	 Consistency and regularization losses vs. 

naive linear combination of Ageom and Esur.

Discussion and outlook
The proposed decomposition into geometric 

and energetic terms offers several advantages:
•	 Interpretability: Researchers can inspect 

Ageom as a pseudo-potential of shape com-
plementarity and Esur as an energetic cor-
rection, visualizing where shape or en-
ergy dominate binding. This can be used 
to diagnose failure modes and generate 
mechanistic hypotheses;

•	 Modularity: New physical effects (e.g., 
more elaborate implicit solvation mod-
els or entropic estimators) can be incor-
porated into Esur without redesigning the 
geometric functional, or vice versa. The 
functional and surrogate can also be re-
placed or extended independently;

•	 Extensibility: The same framework can 
be adapted to different modalities (e.g., 
RNA–ligand, protein– protein) by modi-
fying density parameters and kernels, as 
well as by changing node and edge fea-
tures in the surrogate network.

Our mutation-aware message passing pro-
vides a structured way to propagate the effect 

of amino-acid changes through local interac-
tion neighborhoods. This is crucial for precision 
medicine applications where polymorphisms or 
engineered mutations significantly alter drug 
binding but remain underrepresented in training 
data. Importantly, the design is compatible with 
bias-reduced datasets and robust evaluation 
splits [3, 5].

The active learning loop offers a practical 
route to combining DFT-level accuracy with da-
ta-driven scalability. By querying quantum cal-
culations only where the ensemble is uncertain, 
the framework can gradually align its learned de-
composition with physically grounded references, 
echoing recent work on physics guided and un-
certainty-aware models in computational chem-
istry [17, 18, 23].

Limitations
The current framework assumes effectively 

rigid molecular structures, potentially overlook-
ing conformational flexibility that is important for 
induced fit and allostery. Future iterations could 
incorporate conformational ensembles (e.g., via 
MD snapshots or multiple docking poses) and av-
erage Ageom and Esur over ensembles. For very large 
proteins, computational complexity may require 
hierarchical approximations, cutoff schemes, or 
GPU-accelerated implementations of the pairwise 
Gaussian sums.

Moreover, the active learning loop assumes 
access to reliable and consistent DFT protocols. 
In practice, the choice of functional, basis set, and 
solvation model introduces its own uncertainties, 
and reconciling experimental and quantum scales 
is nontrivial. Finally, as with any data-driven meth-
od, training data bias and coverage remain critical: 
the framework should be combined with careful 
dataset curation and evaluation practices.

Ethical considerations
This work advances computational drug dis-

covery, potentially accelerating the identification 
of therapeutic candidates, including for under-
served diseases. However, predictions must be 
validated experimentally to mitigate the risk of 
false positives or misleading structure–activity 
trends. Wider ethical concerns include:

•	 Ensuring that training datasets reflect 
diverse targets and chemotypes to avoid 
reinforcing existing biases in therapeutic 
focus;

•	 Considering the downstream impact of 
accelerated design on accessibility and 
affordability of resulting therapies;

•	 Maintaining transparency regarding the 
theoretical nature of the method and its 
current limitations.
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Conclusion
This study proposes a hypothesis-driven, 

physically motivated framework for ligand–recep-
tor affinity prediction that decomposes binding into 
an interpretable geometric component and a com-
plementary energetic correction. By formulating 
the geometric term as a learnable, symmetry-con-
sistent functional over atomic density overlaps and 
integrating mutation-conditioned message passing 
with uncertainty-guided quantum calibration, the 
framework offers a modular and transparent alter-
native to end-to-end black-box models.

The work is intentionally conceptual and 
does not report validated predictive performance. 
Instead, it defines a coherent model family, learn-
ing objectives, and a concrete validation roadmap 
designed to support future empirical implemen-
tation and benchmarking. By bridging geometric 
deep learning, physics-informed modeling, and 
active learning, this framework provides a founda-
tion for developing interpretable, mutation-aware 
affinity predictors applicable to drug discovery, 
protein engineering, and precision medicine.
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Appendix A. Mathematical details and derivations

A.1 Atomic densities and overlap
We start from Gaussian atomic densities, 

which provide a continuous representation suit-
able for overlap integrals:

The overlap integral without kernel simpli-
fies to:

Using Gaussian identities, the product of two 
Gaussians is another Gaussian centered at

with combined variance σi
2 + σj

2. Integration yields:

where: rij = ∥ri −rj∥.

A.2 Normalization constant
To ensure proper scaling for 3D integrals:

C(σi,σj)=(2π)-3/2
 (σi

2+σj
2)-3/2,

so that C(σi,σj)-1 reproduces the Gaussian volume 
factor (2π)3/2 (σi

2+σj
2)3/2.

A.3 Learnable kernel extension
Extending the basic overlap with a neural 

kernel:

Ageom = ∑i,j wi wj C(σi,σj)exp(–rij
2/(2(σi

2+σj
2)))ϕθ(gij,ti,tj).

where gij collects invariant geometric descriptors 
such as distances and angle-based features. 

Here, ϕθ can be parameterized as a multi-lay-
er perceptron taking inputs like gij and atomic fea-
tures, allowing the model to learn complex inter-
action potentials while preserving invariance to 
global rigid motions.

A.4 Gradients
For optimization, positional gradients are:

where Sij=C(σi,σj)exp(–rij
2/2(σi

2+σj
2)). This enables 

gradient-based docking or optimization.

A.5 Energy surrogate and consistency
The surrogate prediction and loss:

Apred = α Ageom + βEsur + b      (26)

L consist = (Apred – (Ageom + fψ (Esur)))2      (27)

with  fψ potentially a non-linear mapping to align 
scales. 

The additional regularization Lreg constrains 
Esur to act as a correction term.

A.6 Mutation conditioning
Initialization and update:

hi
(0) = [fi;mi]      (28)

hi
(l+1) = ∑j∈N(i) Attn(hi

(l),hj
(l),mi,mj,eij)      (29)

where attention weights depend on mutation em-
beddings and invariant geometric features.

A.7 Active learning DFT loop
Selection and update:

x* = arg maxx∈Uu(x),      (30)

DDFT ← DDFT ∪ (x*, ADFT(x*))      (31)

LDFT = (Apred(x*)-ADFT(x*))²      (32)

Uncertainty u(x) is based on ensemble pre-
dictive variance.

A.8 Total loss function
The combined objective:

L  = λexp
 L exp + λDFT

 L DFT + λcons
 L consist + 

+ λrank
 L rank + λsur

 L reg      (33)

where Lexp is derived from experimental data and 
Lrank enforces ranking of ligands per target.

A.9 Computational complexity 
and interpretation
The pairwise sum scales as O(NLNR) but can be 

reduced using cutoff radii or approximate meth-
ods like neighbor lists or fast multipole expansions. 
Ageom acts as a pseudo-potential measuring 3D 
complementarity between ligand and receptor, 
interpretable via visualization of overlap fields; 
Esur refines it energetically, allowing decomposi-
tion analysis and targeted model debugging.


