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PUBLIC SUMMARY

B PIDL grounds biomolecular Al in physical laws to reduce implausible structural predictions.
B Three pillars connect physical constraints, equivariant architectures, and guided representations.

B Physics-aware models improve recognition across ligands, peptides, proteins, and immune com-

plexes.

B Future systems should unite dynamics, cellular context, and closed-loop experimental validation.

ABSTRACT

Targeted drug discovery is fundamentally bottlenecked by the challenge of accurately modeling complex
biomolecular interactions, ranging from small-molecule ligand binding to high-order macromolecular

assemblies. While traditional physics-based computational methods provide profound mechanistic in-
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The Innovation Drug Discovery

sights, their clinical utility is frequently hampered by prohibitive computational costs and scalability lim-
itations when addressing highly flexible, cross-scale systems. Conversely, the rapid emergence of pure
deep learning offers unprecedented computational speed but suffers from a fundamental “black-box” na-
ture, sometimes yielding physically improbable conformations—often referred to as “hallucinations”—
that can pose challenges in real-world experimental validation. To bridge this critical translational
gap, the integration of physical principles with artificial intelligence—Physics-Informed Deep Learning
(PIDL)—is currently driving a fundamental transition from purely empirical approximations to rational,
physically grounded design. This review constructs a strategic framework to critically evaluate these
transformative advances, structured around three methodological pillars: (1) Physics-constrained opti-
mization, which integrates thermodynamic principles and integrative experimental restraints at the out-
put level to decode macromolecular dynamics; (2) Physics-encoded architectures, which embed appro-
priate SE(3) or E(3) geometric symmetries directly into neural network topologies for precise structural
recognition; and (3) Physics-guided representations, which project discrete sequences into continuous
physicochemical manifolds to enhance interaction prediction. By delineating how physics-based priors
synergize with data-driven representation learning, this review not only synthesizes current algorithmic
breakthroughs but also provides a comprehensive roadmap for generating physically plausible and ther-
modynamically stable therapeutics, ultimately accelerating the transition of computationally designed

molecules from in silico blueprints to viable clinical candidates.

KEYWORDS: Physics-informed deep learning; biomolecular recognition; rational drug discovery; ge-

ometric deep learning; protein design

SUBJECT AREA: Life Sciences

INTRODUCTION

Modern rational drug discovery is a formidable systems engineering challenge, fundamentally bottle-
necked by the necessity to accurately model complex biomolecular interactions across an astronomi-
cally vast chemical and structural space.” > >? Whether predicting the delicate thermodynamic balance
of small-molecule ligands binding to dynamic protein pockets, or deciphering the multi-subunit syn-
ergy of immune recognition systems like TCR-pMHC complexes, precision at the atomic level remains
elusive.’ **? Particularly in the realm of tumor immunology, the theoretical diversity of the TCR reper-
toire exceeds 10'°. This immense structural dark matter renders traditional trial-and-error screening

both computationally intractable and experimentally cost-prohibitive.” * *
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While highly flexible peptide-protein complexes and immune recognition networks represent the current
zenith of modeling difficulty and are heavily featured in this review, the Physics-Informed Deep Learning
(PIDL) paradigm proposed herein is fundamentally molecule-agnostic. This methodology seamlessly
extends to protein-ligand interactions essential for structure-based drug design and protein-nucleic acid
regulatory networks, underscoring the transformative power of embedding universal physical laws over

relying on target-specific sequence memorization.

Since the 1970s, Computer-Aided Drug Design (CADD) has evolved from basic Quantitative Structure-
Activity Relationship (QSAR) models into sophisticated physics-based structural simulations.?*??
Methods such as Molecular Dynamics (MD) and high-resolution molecular docking have enabled the
atomic-level elucidation of binding mechanisms, serving as the core engine of traditional rational de-
sign.” >?? However, in the context of high-throughput screening and ultra-fast generative design, the
immense computational cost of methods like Molecular Dynamics (MD), Free Energy Perturbation
(FEP), and Quantum Mechanics/Molecular Mechanics (QM/MM) presents significant scalability chal-
lenges.? ? Crucially, this does not imply that traditional physics simulations are obsolete. On the con-
trary, they remain the indispensable gold standard for rigorously validating Al-generated structures,
calibrating deep learning energy functions, and elucidating detailed molecular mechanisms at the atom-
istic or quantum level. The true paradigm shift lies not in replacing physics-based simulations with
pure deep learning, but in establishing a highly complementary, symbiotic pipeline. In this modern
framework, PIDL serves as the “macroscopic navigator” that rapidly explores the astronomically vast
chemical space to generate physically plausible candidate pools, while traditional physics simulations

act as the “microscopic verifier” to provide the high-fidelity thermodynamic refinement, kinetic profil-

ing, and mechanistic validation strictly required for clinical progression.

The advent of machine learning, particularly deep learning, has catalyzed a profound paradigm shift,
offering data-centric pathways to bypass these computational bottlenecks. Yet, this speed comes at
a cost. The black-box nature of pure deep learning frameworks, coupled with their complete ther-
modynamic blindness, has sparked significant new challenges.’ > > Because standard neural networks
blindly interpolate statistical correlations without perceiving the underlying physical energy landscapes,
they frequently produce structural hallucinationsgeometrically plausible but thermodynamically highly
unfavorable conformations often associated with severe steric clashes or solvent-exposed hydrophobic

29
cores. * -
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Critical Crossroads: \

Two Main Bottlenecks

The Paradigm
Shift:Physics-Informed Al

‘\

Physics-Driven Limitations

Pure Deep Learning
Pitfalls
Black-box nature &
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Figure 1. Conceptual prelude: The critical crossroads and paradigm shift in biomolecular modeling The
left panel shows the astronomically vast chemical and structural search space in rational drug discovery. The
middle panel highlights current bottlenecks, including the high computational costs of traditional physics-driven
methods and the unphysical structural hallucinations caused by pure deep learning. The right panel presents
Physics-Informed Al as the unifying paradigm, which embeds physical laws to ensure thermodynamically stable
and physically realizable predictions.

Cause severe steric
clashes & unstable
hallucinations

y

As conceptualized in Figure 1, the field stands at a critical crossroads. Purely physics-driven models are
paralyzed by computational complexity, while purely data-driven models are handicapped by opaque,
unphysical predictions. A highly promising strategy lies in their synergistic intersection: Physics-

Informed Deep Learning (PIDL).

PIDL represents a theoretical departure from pure empiricism. Rather than forcing a neural network to
rediscover the laws of thermodynamics or three-dimensional Euclidean geometry from massive datasets,
PIDL mathematically hard-codes established biophysical principles into the algorithmic pipeline as pow-
erful inductive biases. This deep integration effectively constrains the hypothesis space, guiding compu-
tational predictions toward physically realizable and clinically viable states. To ensure conceptual rigor,
it is imperative to first establish a precise definition of Physics-Informed Deep Learning (PIDL) within
the context of biomolecular modeling. We formally define PIDL as a hybrid algorithmic paradigm
that systematically integrates established biophysical laws, thermodynamic principles, and geometric
symmetries into the data-driven learning process, thereby actively constraining the neural network’s hy-
pothesis space. Furthermore, to clarify the conceptual boundaries often blurred in current literature, we
explicitly map these varied physical integration strategies into our three foundational pillars based on

how they restrict the algorithmic space: (1) Physics-informed / Physics-inspired Constrained methods

4
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introduce constraints at the output or optimization level, either through explicit thermodynamic restraints
or by mimicking physical phenomena like diffusion; (2) Physics-encoded methods impose “hard” geo-
metric constraints mathematically baked directly into the neural network topology (e.g., SE(3)/E(3)
Equivariance); and (3) Physics-guided / Physics-compatible methods operate at the representation
level, explicitly projecting sequences into physical manifolds or utilizing large language models to learn

latent spaces that are implicitly compatible with biophysical rules.

To systematically elucidate this transition and avoid terminological ambiguity, this review proposes a
comprehensive framework that maps these distinct definitions into three methodological pillars, cate-
gorizing them by exactly where physical principles are injected into the modeling pipeline. We first
examine physics-constrained optimization in Section 2, exploring how physics-informed “soft” con-
straints (thermodynamic laws and experimental restraints) reshape the learning objective at the output
level to ensure convergence on true free-energy minima. Moving to the internal network topology, Sec-
tion 3 discusses physics-encoded architectures, highlighting how the “hard” enforcement of spatial sym-
metries facilitates high-fidelity structural generation. Section 4 traces the evolution of physics-guided
representations, detailing the injection of physical priors at the input level from explicit physicochem-
ical manifold projections to implicit biophysical features. Finally, Sections 5 and 6 provide a critical
assessment of persistent bottlenecks, such as crystallographic bias and entropic blindness, and outline a
strategic roadmap toward context-aware mesoscale modeling and the realization of autonomous discov-

ery laboratories.
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Continuous Data-Driven
Physicochemical .
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Generated 3D
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Figure 2. The global framework of Physics-Informed Deep Learning This structural roadmap illustrates the
data flow and integration of the three methodological pillars. Raw inputs (left) are processed through a synergistic
paradigm of data-driven feature extraction (top) and physics-informed inductive biases (bottom) to yield robust
structural predictions (right). The bottom pathway sequentially integrates physics-guided representations at the
input level, physics-encoded architectures within the network topology, and physics-constrained optimization at
the output level.

Dynamic Pathway
& Affinity Prediction

While Figure ?? outlines the global data-flow pipeline, to truly operationalize this framework, Figure
?? abstracts the core mathematical and algorithmic mechanisms that define its three pillars. Rather than
reviewing isolated models, this mechanistic breakdown provides the foundational paradigmsnavigating
from continuous manifold projection at the input level, through geometric equivariance within the net-
work topology, to thermodynamic optimization at the output levelthat will be systematically evaluated

in the subsequent sections.
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Figure 3. Core algorithmic mechanisms of the Physics-Informed Deep Learning paradigm This diagram
illustrates the fundamental input-to-output mathematical transformations of the three methodological pillars. The
top panel depicts physics-constrained optimization, where energy-based models minimize composite loss to output
thermodynamically stable conformations. The middle panel shows the commutative properties of physics-encoded
architectures operating on 3D molecular graphs. The bottom panel illustrates physics-guided representations,
projecting discrete biological sequences into continuous physicochemical embeddings.

PHYSICS-CONSTRAINED OPTIMIZATION FOR INTEGRATIVE MODELING OF
MACROMOLECULAR ASSEMBLIES

The defining characteristic of Physics-Constrained Optimization is the integration of physical principles
directly into the computational model’s objective function to enforce thermodynamic consistency.? * In
standard deep learning, models typically optimize empirical metrics such as Root Mean Square Devia-
tion (RMSD)—geometric proxies that frequently lack thermodynamic causality. Consequently, purely
data-driven models are prone to generating structures in high-energy states, characterized by steric
clashes, solvent-exposed hydrophobic cores, or unrealistic bond geometries. This occurs because such
models blindly interpolate the training manifold without perceiving the underlying energy landscape.
Physics-constrained frameworks mitigate these limitations by reformulating the learning objective as
a composite 108s: Lot = Lijara + lﬁphysim. This additional term serves as a regularization penalty
derived from statistical mechanics, ensuring that the model’s predictions are not merely geometrically
similar to the ground truth, but strictly converge upon valid local minima on the true free-energy sur-

face. In this section, we analyze two representative paradigms: information-driven docking via explicit
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experimental restraints, and statistical mechanical modeling via implicit pseudo-Hamiltonians.

Integrative modeling via explicit restraints

At the explicit constraint level, information-driven integrative modeling addresses the critical “blind
search” problem inherent in molecular docking. Conventional ab initio algorithms, which rely solely on
geometric shape complementarity, frequently become computationally intractable and physically inac-
curate for highly flexible systems due to the “induced fit” phenomenon.’ To circumvent this limitation,
the HADDOCK framework establishes a paradigm where sparse, heterogeneous experimental datarang-
ing from NMR chemical shift perturbations to cross-linking mass spectrometryare incorporated directly

into the docking force field as thermodynamic penalties.* * * * *

The core theoretical innovation lies in translating ambiguous biological data into a physical force field
component known as Ambiguous Interaction Restraints (AIRs).” *> Rather than enforcing rigid atom-
to-atom distances that would violate the dynamic nature of fluid interfaces, this framework constructs a
smooth, funnel-shaped potential energy surface. It converts experimental data into an effective distance

potential djsp:

N
diap = < Y .y 6) ey

meliyneqjy mn
where the ¥~ summation acts as an explicit physical prior mimicking the distance-dependence of van der
Waals interactions. These AIRs function as “virtual springs” that dramatically reduce the conformational
search space. Consequently, the docking challenge is transformed from a random global search into a
physically guided optimization process. This strategy successfully drives simulations of flexible systems
(e.g., antibody-antigen complexes) toward the native thermodynamic minimum, evidenced by the high

2222

structural fidelity and the strong correlation between energy scores and i-RMSD. *

Statistical mechanical modeling via energy-based models

While integrative modeling relies on external experimental restraints, a more generalizable frontier in-
volves implicitly embedding thermodynamic principles directly into the neural network architecture
through Energy-Based Models (EBMs). In this paradigm, neural networks abandon the traditional clas-
sification boundary (probability of 0 or 1) and instead learn to approximate a scalar energy function,
Eg(s4,Sp), which assigns low energy to stable, native-like conformations and high energy to non-native

decoys.???? Consequently, the probability of a biomolecular interaction is reformulated to strictly ad-
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here to the Boltzmann distribution:

exp (—BEp(s4:5p))

P(binding | s4,s,) = 70

2

where f3 is the inverse thermodynamic temperature and Z() is the intractable partition function.

A representative framework, Hierarchical Statistical Mechanical Modeling (HSM), explicitly parameter-
izes this energy function as a pseudo-Hamiltonian.” Rather than treating binding affinity as a monolithic
black-box prediction, HSM mathematically reconstructs the global binding energy as the hierarchical

sum of localized residue-residue interaction potentials AAG(a;,a;, 6; ;):

Eo(sq;sp)= Y, Y, AAG(aj,a;,6;;) 3)

icdomain jepeptide

By employing contrastive divergence or noise-contrastive estimation during training, the loss function
acts as a thermodynamic objective that actively “pulls down™ the energy of native interactions while
“pushing up” the energy of generated decoys. This paradigm-theoretically guarantees that the learned
latent space mirrors the true multidimensional free-energy landscape, supported by recent advancements
in generalizable affinity ranking.? > ? Crucially, this allows models to transfer fundamental interaction
principles across different protein families and decode subtle specificity mechanisms (e.g., in SH3 do-
mains) without the need for exhaustive experimental sampling. Furthermore, recent work has begun
to incorporate entropic contributions and solvation effects into these scoring functions, paving the way
for diffusion-based potentials in generative tasks.’ > *? Furthermore, it is critical to recognize that op-
timizing solely for local binding affinitya common pitfall in pure deep learningoften yields broadly
adhesive, excessively hydrophobic molecules lacking target specificity. To mitigate this, EBMs and
physics-constrained frameworks inherently support negative design. By reformulating the objective
function to explicitly penalize binding to homologous off-targets (E;o;a = Erarget — AEoff—targer) OF by
mathematically constraining the solvent-accessible surface area (SASA) of hydrophobic patches, PIDL
actively filters out non-specific “sticky” candidates. This multi-objective physical constraint ensures that
the model generates conformations with both high affinity and rigorous selectivity, drastically reducing

off-target liabilities.
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PHYSICS-ENCODED ARCHITECTURES FOR STRUCTURAL RECOGNITION OF
PEPTIDEPROTEIN INTERACTIONS

Unlike physics-constrained optimization which operates at the loss level, Physics-Encoded Architec-
tures embed physical laws directly into the network topology to handle the continuous 3D Euclidean
nature of biomolecules. Standard deep learning architectures lack an inherent understanding of 3D con-
tinuous spatial symmetries. To ensure biophysical rigor, it is imperative to strictly distinguish between
two mathematical groups often conflated in the literature: SE(3) and E(3) equivariance. SE(3) (Spe-
cial Euclidean) equivariance accounts solely for 3D continuous translations and rotations. Crucially,
it preserves molecular chirality (handedness), making it the strict requirement for modeling stereospe-
cific ligand binding. In contrast, E(3) (Euclidean) equivariance encompasses the full Euclidean group by
additionally incorporating discrete reflections and inversions. Without embedding these specific symme-
tries natively into the network topology, models often require inefficient data augmentation and risk gen-
erating physically inconsistent predictions. To address this, the paradigm of Geometric Deep Learning
(GDL) mathematically bakes these spatial symmetries into the neural message-passing layers, thereby
guaranteeing physical consistency by design.’ * This shift ensures that the model perceives molecu-
lar geometry not as arbitrary data points, but as structured entities governed by fundamental Euclidean
laws. In this section, we explore how Equivariant Graph Neural Networks (EGNNs) have enabled gener-
ative molecular dynamics, and how advanced E (3)-equivariant transformers have revolutionized unified

structural modeling for complex biological interfaces.? * ?

Equivariant graph neural networks (EGNN) and generative diffusion

The Equivariant Graph Neural Network (EGNN) fundamentally redefines how neural networks process
3D molecular graphs by strictly ensuring SE(3)-equivariance during message passing.’ *> > Mathemat-
ically, if a transformation 7, € SE(3) is applied to the input molecule, the predicted coordinate outputs

are transformed by the exact same T:

F(TX) = T, f(X) “)

This architecture, supported by foundational work in tensor field networks and SE(3)-transformers, has

powered landmark generative frameworks such as DiffDock for protein-ligand docking and RFdiffusion

2272

for de novo protein design.” DiffDock formulates docking as a generative diffusion process over

the product space of ligand translations and rotations. By using an SE(3)-equivariant score-matching

10
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model, potentially enhanced by high-order force fields or Newtonian message passing, it guarantees
that predicted denoising forces rotate in perfect sync with the complex, enabling zero-shot prediction of
transient binding poses.’ *?? Similarly, RFdiffusion leverages the RoseTTAFold architecture to solve
the inverse folding problem. It treats the protein backbone as a cloud of residues diffusing in 3D space.
By conditioning the denoising process on specific functional motifs, RFdiffusion can "hallucinate" com-
pletely novel protein binders that possess high thermodynamic stability, proving that hard-coding spatial
symmetries is far more data-efficient than learning them from scratch.” > ? To illustrate the practical
superiority of this paradigm, consider the real-world therapeutic design using RFdiffusion. In chal-
lenging scenarios such as designing de novo protein binders against the SARS-CoV-2 spike protein or
the interleukin-7 receptor (IL-7R a)targets where traditional high-throughput screening often failsRFdif-
fusion achieved unprecedented experimental success rates (up to 20% in wet-lab validation).” Because
the SE(3)-equivariant architecture inherently restricts the generative search space to physically plausible
geometries, these computationally “hallucinated” binders required zero subsequent affinity maturation
to achieve nanomolar binding affinities, powerfully highlighting how physics-encoded deep learning

dramatically accelerates the transition from in silico blueprints to viable therapeutics.

E(3)-equivariant neural networks and unified assembly modeling

Building upon EGNNs, E(3)-Equivariant Neural Networks extend physical encoding to encompass
the full Euclidean group, including reflections (chirality).? > ? This paradigm has catalyzed the devel-
opment of unified foundation models capable of modeling generalized biomolecular assemblies. A
prime example is RoseTTAFold All-Atom (RFAA), which utilizes a novel three-track neural network
architecture.” > * Unlike previous sequence-only models, RFAA simultaneously processes 1D sequence
information, 2D pairwise distance maps, and 3D coordinate geometry. Its 3D track strictly enforces
SE(3)-equivariance, allowing it to iteratively refine the stereochemistry of proteins, nucleic acids, small
molecules, and metal ions within a single unified graph, effectively bridging the gap between folding

and docking.

Following this trajectory, AlphaFold 3 further evolves the paradigm by replacing the MSA-centric Evo-
former with a simplified Pairformer module and delegating structural generation to a generative Dif-
fusion Module.? > This module operates on raw atom coordinates, denoising a random cloud into a
physically valid structure to model the joint probability of complex assemblies. Parallelly, the Chai-1

architecture pushes the boundaries by addressing the "biological dark matter".” Unlike models heavily
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reliant on evolutionary co-variation, Chai-1 integrates strictly E(3)-equivariant structural modules that
allow it to achieve state-of-the-art accuracy even in "single-sequence" mode.? > Furthermore, it seam-
lessly extends prediction to diverse chemical spaces, including complex glycans and post-translational
modifications (PTMs). Accurately modeling these atypical components requires moving beyond stan-
dard 1D amino acid vocabularies. To achieve this, models like Chai-1 and RFAA bypass traditional
sequence-only embeddings and natively encode glycans and PTMs as explicit 2D chemical graphs. By
embedding exact atom types, bond topologies, and partial charges directly into the network’s initial rep-
resentation, this prior information is seamlessly integrated into the E(3)-equivariant structural tracks.’
This explicitly physical encoding ensures that the neural network can accurately perceive the altered
local electrostatic environments and steric hindrances introduced by glycosylation or phosphorylation,
fundamentally expanding the model’s predictive domain beyond canonical proteins. Complementing
these multimodal frameworks, the latest advances in large protein language modeling have catalyzed a
paradigm shift toward MSA-free structure prediction. Most notably, models like ESMFold2 leverage
the deep evolutionary and biophysical representations distilled by massive language models to directly
map single sequences to 3D coordinates. By coupling these rich implicit priors with an equivariant fold-
ing head, ESMFold2 achieves high-fidelity structure prediction at unprecedented speeds, demonstrat-
ing that language models can effectively internalize the geometric and thermodynamic rules governing
macromolecular folding without relying on explicit homologous alignments.’ By enforcing physical
geometry within the network topology, these models demonstrate that physics-encoded architectures
can compensate for data sparsity, effectively deducing binding mechanics from fundamental physical

. 2999
constraints.” © © °

PHYSICS-GUIDED REPRESENTATIONS FOR SEQUENCE-BASED INTERACTION
AND AFFINITY PREDICTION

The paradigm of Physics-Guided Representations integrates physical priors explicitly at the input and
feature extraction levels, addressing the fundamental limitations of standard one-hot encoding. Tradi-
tional categorical encodings treat biological sequences as discrete strings, thereby ignoring biophysical
reality by assigning equidistant values to conservative mutations and radical substitutions alike. To em-
bed physical consistency before neural inference begins, these frameworks project discrete sequence
symbols into continuous, low-dimensional physicochemical manifolds. By explicitly incorporating

properties such as electrostatic charge, hydrophobicity, secondary structure propensity, and molecular
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volume, the input features themselves serve as a definitive physical prior. This strategy ensures that the
latent space remains grounded in molecular reality, enhancing the model’s ability to generalize across
diverse chemical spaces. In this section, we analyze the evolution of these representations: from ex-
plicit feature engineering and mathematical manifold projection to the emerging paradigm of implicit

biophysical priors distilled by large Protein Language Models (PLMs).

Explicit physicochemical feature engineering in peptide-protein interactions

Peptide-protein interactions (PPIs), which act as critical nodes in cellular signal transduction, are often
driven by a duality of localized Short Linear Motifs (SLiMs) and global conformational dynamics.” * *
To capture this without the prohibitive cost of MD simulations, computational methods have evolved
from basic sequence analysis to sophisticated deep learning architectures.” > *? Traditional docking
methods and sequence-based predictors often struggle with the flexibility of peptides.” * > * Frameworks
like CAMP (Convolutional Attention-based Multi-level Prediction) integrate implicit physicochemical
properties at the input level using a hybrid architecture.? * 1D Convolutional Neural Networks (CNNs)

function as efficient motif detectors for short-range biochemical complementarity:

zi = f(W - Xiijr—1+b) (5

simultaneously, Self-Attention mechanisms capture long-range functional coupling between distant
residues. A core innovation in CAMP is the use of multi-task learning (Liorsr = Linteraction +
A Zresidue_binding)- This objective function acts as a spatial regularizer, explicitly forcing the model to
identify biologically meaningful binding hotspots rather than overfitting to noise. This mirrors efforts
in general PPI prediction and domain-specific modeling (e.g., SH2/SH3 domains).” > *?? This physics-
guided approach allows the model to accurately identify critical hydrophobic residues in highly flexible
therapeutic peptides. For example, in the design of Glucagon-like peptide-1 receptor (GLP-1R) agonists
for metabolic diseases, purely sequence-based attention models frequently misclassify the dynamic N-
terminus as disordered noise. However, by explicitly encoding molecular volume and charge manifolds,
PIDL frameworks can accurately capture the crucial hydrophobic interactions required for receptor ac-
tivation, correlating strongly with experimental alanine scanning mutagenesis data. This specific struc-

tural simulation confirms that explicit physicochemical features serve as a robust proxy for decoding

complex thermodynamic binding mechanisms.’
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Physicochemical manifolds in immune recognition

The need for physical priors is most acute in immune recognition, specifically in the context of cancer
immunotherapy and neoantigen identification.? > *? Accurate prediction of MHC ligand binding and
subsequent immunogenicity is critical.’ > * > However, the theoretical TCR repertoire diversity (> 10'%)
creates a vast “structural dark matter”.” >? To overcome the extreme sparsity of training data, mod-
els like pMTnet map discrete sequences into a continuous physicochemical manifold using Atchley
Factors.” > These factors condense high-dimensional amino acid indices into five orthogonal physical
dimensions (polarity, secondary structure propensity, molecular volume, codon diversity, and electric

charge), mapping each residue to a vector v; € R>.

By projecting diverse TCR and peptide sequences into this shared physical space, the neural network
learns to identify true physicochemical complementarity (e.g., electrostatic matching between CDR3
loops and epitopes) rather than overfitting to specific sequence k-mers.? * > ? This physics-guided repre-
sentation has proven pivotal in identifying neoantigen immunogenicity and stratifying patient responses
to immunotherapy. Deep learning approaches, including TITAN and other TCR-specific models, have
further refined this capability.’ > *? High-throughput sequencing and single-cell analysis continue to
expand our understanding of the TCR repertoire.’ *?* ? These computational insights are directly trans-
latable to clinical settings, aiding in the prediction of responses to immune checkpoint blockade (e.g.,

PD-1/PD-L1 inhibitors) and understanding mechanisms of resistance.’ > *?

Implicit biophysical priors via protein language models (PLMs)

While explicit physicochemical priors offer interpretability, a more powerful paradigm has emerged:
implicit biophysical priors learned by large Protein Language Models (PLMs) such as ESM-2.? Trained
on billions of evolutionary sequences via self-supervised masked language modeling, these models ef-
fectively "distill" the physical laws governing protein stability and folding. The theoretical justification
is that evolution acts as a grand biophysical experiment: sequences that persist through natural selec-
tion must satisfy rigorous thermodynamic constraints (i.e., folding into a stable minima with AG < 0).
Consequently, the embeddings generated by PLMs serve as dynamic, context-aware physicochemical
descriptors that surpass static indices. Frameworks like Ankh leverage these pre-trained representations
to predict protein-protein interactions with minimal fine-tuning.” Unlike static descriptors, PLM em-

beddings are context-dependentthe "physical vector" of a residue shifts based on its spatial neighbors,
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mirroring the cooperative nature of protein folding and marking a shift toward data-driven, evolutionarily

informed physical manifolds.

Physics-guided encoding for small molecules and nucleic acids

To fully realize the vision of universal biomolecular modeling, the principles of physics-guided repre-
sentation must extend beyond amino acid sequences to encompass the vast chemical space of small-

molecule ligands and the highly charged, flexible nature of nucleic acids (DNA/RNA).

For small-molecule drug discovery, traditional representations relying on 1D SMILES strings funda-
mentally lack spatial and biophysical context. Modern physics-informed frameworks overcome this by
embedding ligands as 2D molecular graphs or 3D conformer ensembles, explicitly encoding atom types,
hybridization states, partial charges, and pharmacophore features-as node and edge attributes.’ > By
projecting these explicitly physical graphs into the same latent manifold as the receptor pocket, models
can learn true physicochemical complementarity (e.g., hydrogen bonding networks and 7-7 stacking)

rather than superficial sequence-string correlations.

Similarly, modeling protein-nucleic acid interactions presents unique physical challenges dominated by
the highly anionic phosphate backbone and intricate base-pairing thermodynamics. Purely sequence-
based attention models often fail to capture the long-range electrostatic repulsions and the hierarchical
folding pathways of RNA. To address this, emerging architectures explicitly integrate RNA secondary
structure (e.g., stem-loop topologies and Watson-Crick base-pairing probabilities) as a geometric prior
into the neural representation.’ > By utilizing physics-derived base-pairing graphs as an inductive bias,
these models can accurately predict 3D ribonucleoprotein assemblies and DNA-transcription factor com-
plexes, demonstrating that structural universality is achieved not by treating all molecules as identical

data strings, but by honoring their distinct biophysical constraints at the input level.

15
https://mc03.manuscriptcentral.com/innovation-drugdisc

Page 16 of 49



Page 17 of 49

oNOYTULT D WN =

370

371

372

373

The Innovation Drug Discovery

A Physics-Constrained Docking B Physics-Guided Representations
Integrative Modeling via Explicit Statistical Mechanics via EBMs(HSM) Multi-Task Learning for Peptide Therapeutics (CAMP)
Restraints(HADDOCK) rotein Multimodal Input Features  Hybrid CNN & Self-Attention Peptide-Binding
Sequence epti m Prediction
e \
NMR X —> —>
HADDOCK > &
- I
&R : Qo= P
Cryo-EM “nﬂt Peptide z Manifold Projection in Immune Recognition(pMTnet)
\/ Sequence o Alchlay Factors RS
-1 M iy .
o= QD)™ omoTectiar 8 e  Predicted TCR Sequence T~ Nﬁ
Ms complex T Prenl fhiss)| Bnding Energy —_
Ambiguous Interaction —> & Affinity : D E— umor clones.
§ »X Restraints(AIRS) £ Implicit Pseudo-Hamiltonian Peptide (: \ e e
g D Optimization Sequence ! _ Physically grouded embeddings
Experimental Data . H robustly stratify responses
¢ Physics-Encoded Architectures D Universal All-Atom Assemblies

Equivariant Diffusion Model(eg. DiffDock AlphaFold 3, RoseTTAFold All-Atom (RFAA) & Chai-1)

Random Coordinate Cloud
High-entropy noise state

Thermodynamically Stable Pose
Score matching (diffusion):

Distinct Physical Priors All-Atom Complex Prediction

CCIOIOCH-CE0HOC; MoCCHC:,

Unified Heterogeneous Graph

ty geometric

salxe,t) % Vlogpy(x)

/
‘SE(3)-Equivariant Denoising
- $
\

Geomelric equivariance:
fTX) = T,(X)

SE(3)-Equivariant Denoising

Heterogeneous Graph Neural Network All-Atom Complex Prediction
Geometic Base-Pairing (Heterogeneous GNN) Bridging small-molecule docking and
Topologies  Processing diverse molecular alphabets natively nucleic acid folding

Figure 4. Translational applications of the PIDL paradigm across diverse biological scales and therapeutic
modalities This composite plate demonstrates how the methodological pillars are operationalized to solve distinct
biomolecular challenges. (A) Physics-constrained docking optimizes flexible assemblies toward true thermody-
namic minima. (B) Physics-guided representations project discrete sequences into continuous physicochemical

manifolds to identify binding hotspots. (C) Physics-enc

oded architectures embed spatial symmetries into genera-

tive models to resolve high-entropy noise into stable structural poses. (D) Universal all-atom assemblies integrate
distinct physical priors across diverse modalities to predict heterogeneous complexes.

Summary of computational resources

To facilitate practical applications and further research, we have summarized the key computational

frameworks, tools, and their accessible web servers or open-source repositories discussed in this review

(Table ?

?). The models listed in the table have been described in the preceding chapters.

16

https://mc03.manuscriptcentral.com/innovation-drugdisc



oNOYTULT D WN =

374

375

The Innovation Drug Discovery

Page 18 of 49

Table 1. Summary of Key Computational Models and Resources for Biomolecular Interaction Modeling

Model / Tool

Target System

Core Architecture

Input Features /
Priors

Availability

HADDOCK?2.4 Macromolecular

DiffDock

RFdiffusion

AlphaFold 3

RoseTTAFold
All-Atom

Chai-1

ESM-2

Ankh

CAMP

HSM

pMTnet

Complexes

Protein-Ligand

De novo Protein
Design

Universal
Assemblies

Universal
Assemblies
Universal

Assemblies

General Purpose
Representation

General Purpose /
Interaction Tasks

Peptide-Protein

Peptide-Protein

TCR-pMHC

Energy
Minimization &
Rigid/Flexible
Docking

SE(3) Generative
Diffusion

SE(Q3)-
Equivariant
Diffusion
(RoseTTAFold-
based)

Pairformer &
Generative
Diffusion Module

1D/2D/3D Track
Neural Network

E(3)-Equivariant
Structural
Module

Transformer-
based Masked
Language
Modeling

Optimized T5
Transformer
(Encoder-
Decoder)

1D CNN +
Self-Attention
(Multi-task)

Hierarchical
Statistical
Mechanics

3D Coordinates +
Explicit
Experimental
Restraints

3D Protein
Structure + 2D
Ligand Graph

Structural Motifs,
Contigs, or Pure
Noise

Sequences, Ligand
SMILES, MSA

Sequences; MSA,
Chemical Graphs

Single Sequences,
Glycans, PTMs

Raw Sequences
(Evolutionary
Scale)

Raw Sequences
(Context-Aware
Embeddings)

Sequence + Implicit
Physicochemical
Properties

Sequence + Pseudo-
Hamiltonian

Transfer Learning TCR/Peptide

+ Deep
Autoencoder

Sequences +
Atchley Factors
(Manifold)

https://wenmr.science.
uu.nl/haddock2.4

https://github.com/
gcorso/DiffDock

https://github.com/
RosettaCommons/
RFdiffusion

https:
//alphafoldserver.com

GitHub

https://github.com/
chaidiscovery/chai-lab

https://github.com/
facebookresearch/esm

https://github.com/
agemagician/Ankh

https://github.com/
twopin/CAMP

https://github.com/
aglaboratory/hsm

https://github.com/
tianshilu/pMTnet

Abbreviations: MSA, multiple sequence alignment; SMILES, simplified molecular-input line-entry system; PTMs, post-translational
modifications; CNN, convolutional neural network; HSM, hierarchical statistical mechanical modeling; TCR, T-cell receptor; pMHC,
peptide-major histocompatibility complex.

While specific computational tools have been summarized previously (Table ??), selecting an appro-

priate PIDL paradigm requires a more systematic methodological evaluation. To this end, Table ??
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provides a comprehensive multidimensional comparison of the three core PIDL categories (Physics-
inspired, Physics-informed, and Physics-encoded). This comparison systematically evaluates their re-

spective physical priors, constraint rigidity (soft vs. hard), applicable biomolecular tasks, interpretability,

computational costs, and inherent limitations. This matrix serves as a methodological guide for selecting

the optimal algorithmic architecture based on the specific thermodynamic or geometric demands of the

target system.

Table 2. Systematic Comparison of Physics-Informed Deep Learning (PIDL) Categories. This table evaluates
the three distinct methodologies based on their physical constraints, applicability, computational trade-offs, and
validation extent.

PIDL Category Physical Inputs — Applicable Interpretability Computational Major Key

Prior & Outputs Tasks & Cost Advantages Limitations

Constraint Systems

Type
Physics- Non- Random noise +  De novo Low: Black-box High: Requires  Unprecedented ~ Prone to
Inspired equilibrium  conditions — generation, stochastic thousands of structural thermodynamic
(e.g., Generative  thermody- 3D coordinates  conformer denoising iterative diversity; ability ~ “hallucina-
Diftusion) namics sampling trajectory. denoising steps.  to explore novel  tions”; lacks

(Soft/No (Proteins, chemical spaces. explicit energy

constraint) Ligands) minima

guarantees.

Physics- Boltzmann 3D Affinity High: Explicit Moderate: Strictly Primarily
Informed distribu- poses/sequences  prediction, energy terms Efficient guarantees local  discriminative;
(e.g., EBMs, tions, Force ~ — complex and identifiable  scoring, but thermodynamic  struggles with
Restrained fields Energy scores docking, pose biophysical relies on prior stability; easily de novo
Docking) (Soft (AG) ranking interactions. sampling. integrates generation from

constraint experimental scratch.

via Loss) data.
Physics- Euclidean Molecular Structure Medium: Moderate- Absolute Architecturally
Encoded spatial graphs — prediction, Preserves High: Complex  geometric rigid; difficult to
(e.g., symmetries  Equivariant rigid-body geometric tensor consistency; model highly
SE(3)/E(3) (Hard features, docking validity, but operations scale  highly disordered or
Equivariant structural Coordinates (All-atom features remain  quadratically. data-efficient high-entropy
Networks) constraint) assemblies) latent. without data regions.

augmentation.

CRITICAL ASSESSMENT: THE SYSTEMIC MISMATCH

Despite the transformative impact of Physics-Informed Deep Learning (PIDL), the field has reached a
conceptual plateau where incremental performance gains often mask systemic mismatches between sta-
tistical models and biological reality. Current paradigms remain largely reductionist, modeling macro-
molecules as static entities in a thermodynamic vacuum and relying on sequence-centric attention mech-
anisms that often struggle to capture the multi-scale, dynamic, and ultra-long nature of cellular life.
While benchmarks show high accuracy on rigid targets, these models struggle to internalize the govern-
ing laws of statistical mechanics, leading to predictions that are geometrically consistent yet thermody-
namically improbable. In this section, we critically interrogate these limitations through four systemic

bottlenecks: the generalizability crisis driven by crystallographic bias, the emergence of structural hallu-
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cinations from entropic blindness, the mathematical failure of current architectures to encode full-scale
interactomes due to sequence truncation, and the persistent operational divide between discriminative

scoring and autonomous generative discovery.

The generalizability crisis and crystallographic bias

The predictive power of modern foundation models is frequently a statistical artifact of overfitting to the
structural distributions inherent in the Protein Data Bank (PDB). This “crystallographic bias” stems from
the fact that available training data overwhelmingly represent stable, low-entropy conformations opti-
mized for experimental tractability (e.g., crystallization or Cryo-EM reconstruction).’ > Consequently,
neural networks internalize a distorted view of protein physics, equating structural validity with rigid-
ity. This limits their ability to generalize to “biological dark matter,” such as Intrinsically Disordered
Proteins (IDPs), transient signaling intermediates, or metamorphic folds, where structural heterogene-
ity is functionally decisive.” > Furthermore, the generalizability crisis is severely exacerbated by the
widespread problem of benchmark overfitting. Most state-of-the-art AI docking models (such as Diff-
Dock) are highly optimized and evaluated on standard datasets like PDBBind. However, the ligand
molecular structures and pocket rigidities within these training sets are highly homogeneous. As recent
critical evaluations have demonstrated, when these deep learning models are confronted with entirely
new chemical spaces or highly flexible targets that lack homologous evolutionary information, their pre-
dictive accuracy and physical consistency plummet sharply. This over-reliance on homogeneous bench-
marks creates an illusion of progress, highlighting that current models often learn superficial structural
biases rather than true, generalizable physical interactions.Unlike physics-based MD simulations that
can explore non-equilibrium states, static learning frameworks lack the capacity to reason over confor-
mational ensembles, leading to significant performance degradation when identifying targets outside the

“stable fold” manifold.

Al “hallucinations” and entropic blindness

A striking failure of current generative models is the production of “hallucinations”structures that appear
geometrically plausible under metrics like pLDDT but are thermodynamically highly unfavorable in so-
lution. This phenomenon arises from a fundamental entropic blindness: while deep models are adept at
capturing local enthalpic regularities (e.g., hydrogen bonding networks and secondary structures), they

systematically underestimate the massive entropic penalties associated with solvent desolvation, loop
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flexibility, and hydrophobic exposure.’? In the absence of an explicit free-energy objective function
(AG), latent space optimizations often converge on non-physical manifolds, producing configurations
with severe steric clashes or solvent-exposed hydrophobic cores that violate the repulsive terms of the
Lennard-Jones potential. Fundamentally, generative models approximate the data distribution Py, (x),
which is distinct from the physical Boltzmann distribution Ppjy(x) o e EW/ksT - Without anchoring
predictions to the true thermodynamic partition function, these hallucinations represent statistical prob-
abilities rather than physical realities, severely limiting their utility in drug design where stability is

paramount.

The complexity bottleneck: sequence truncation and allosteric dilution

A critical technical frontier remains unaddressed: the systemic failure of current Protein Language
Models (PLMs) to effectively encode ultra-long protein targets and massive multi-chain interactomes.
Due to the quadratic computational complexity (O(N?)) of standard Transformer attention mechanisms,
researchers are frequently forced to utilize arbitrary sequence truncation, typically capping inputs at
1,024 or 2,048 residues. In the context of large-scale complexessuch as cell-surface receptor clusters,
sarcomeric giants like titin, or multi-domain scaffolding proteinsthis practice creates an “information
graveyard” at the molecular interface. Critical long-range allosteric signals, which coordinate binding
events across distant domains through subtle conformational waves, are mathematically diluted by the
overwhelming background of inert residues or simply discarded by truncation. This reliance on 1D
sequence-centric encoding effectively treats the molecule as a linear string, failing to perceive the global
3D topology and rendering the model blind to the synergistic specificity required for high-fidelity bi-
ologic discovery. Consequently, the model loses the “global context” necessary to understand how a

mutation at the N-terminus might structurally destabilize a binding pocket at the C-terminus.

The operational divide: discriminative vs. generative design

There exists a fundamental disconnect between evaluating an interaction and originating one from first
principles. Current state-of-the-art frameworks, such as HADDOCK or HSM, are fundamentally dis-
criminative: they are exceptionally robust at ranking, scoring, or refining candidate interactions supplied
to them.” > > However, they lack the differentiable pathway needed to navigate the astronomical chem-
ical space for de novo design. Most discriminative models cannot provide the constructive gradients

required to guide generative sampling toward physically stable optima; optimizing against a discrim-
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inative score often leads to “adversarial examples”molecules that trick the scorer but are biologically
invalid. This “dead-end” logic restricts Al to a passive screening role rather than an active designer,
creating a bottleneck where models can identify “what binds” among known candidates but cannot in-

dependently deduce “what should be built” to modulate a novel therapeutic target.”

FUTURE PERSPECTIVES: ONTOLOGICAL RESTRUCTURING

The next theoretical evolution in biomolecular modeling requires a paradigm shift from incremental
architectural scaling to a systematic redefinition of modeling objectives that aligns with the dynamic,
context-dependent reality of living systems. We envision this evolution unfolding through four tightly
coupled directions that directly address the limitations identified above: the shift toward context-aware
mesoscale modeling, the leap from static structures to 4D dynamic trajectories, the adoption of vision-
inspired architectures for full-scale encoding and zero-shot physical probing, and the realization of self-

evolving discovery engines through autonomous experimental feedback.

Near-term optimization priorities: benchmarks and closed-loop validation

Before fully realizing the visionary goals of autonomous laboratories and 4D simulations, the field must
address several immediate implementation strategies to bridge the current translational gap. First, there
is an urgent need to establish standardized benchmarks for physical plausibility. Current evaluation met-
rics relying predominantly on geometric RMSD must be augmented with strictly biophysical scoring
functions that heavily penalize steric clashes, unphysical bond geometries, and thermodynamic insta-
bilities. Second, near-term algorithmic development should prioritize integrating Molecular Dynam-
ics (MD)-derived geometry with deep learning. Rather than replacing MD entirely, deep learning can
be utilized to rapidly generate initial conformational ensembles, followed by short, machine-learning-
accelerated MD relaxation steps to ensure local thermodynamic validity. Finally, computational pre-
dictions must be tightly coupled with empirical reality through closed-loop experimental validation.
Utilizing high-resolution techniques such as Cryo-Electron Microscopy (Cryo-EM) and Nuclear Mag-
netic Resonance (NMR) for structural verification, alongside Surface Plasmon Resonance (SPR) for
kinetic binding affinity (k,./koss) validation, will provide the essential ground-truth feedback required

to continuously recalibrate and refine the physical priors within deep learning models.
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From isolated structures to context-aware mesoscale interactomes

To overcome the limitations of crystallographic bias (Section 5.1), structural AI must move beyond “in
vacuo” predictions of isolated complexes. The future lies in Context-Aware Modeling, which explicitly
integrates Coarse-Grained (CG) physics with deep representations to account for the mesoscale cellular
environment.’ This includes modeling the effects of explicit lipid membrane curvature, pH gradients,
electrostatic screening, and competitive molecular crowding. By modeling the peptide-protein interac-
tome within its native physiological context rather than as a floating rigid body, researchers can evaluate
true in vivo efficacy and off-target liability long before clinical trials. This holistic approach will trans-
form structural biology from a static atlas of molecules into a predictive simulator of the cellular state,
enabling the design of drugs that utilize environmental factors (e.g., pH-dependent binding) as functional

mechanisms.

Beyond static minima: 4D spatiotemporal pathway generation

To resolve the problem of entropic blindness (Section 5.2), the field must advance from seeking static
free-energy minima to generating continuous dynamical trajectories. We propose the development of
4D Spatiotemporal Generative Models that utilize Physics-Informed Neural Operators (PINOs) to solve
non-equilibrium Langevin equations.’ ? Instead of predicting a single final bound pose, future models
will learn to generate the entire kinetic pathway of a binding event, encompassing transient intermedi-
ates, cryptic pockets, and high-energy transition states. This capability will allow Al to quantify critical
dynamic properties such as drug residence time (kofr) and association rates (kon), which often corre-
late better with clinical efficacy than simple affinity (Kp). This shifts the goal of molecular Al from

predicting the thermodynamic “destination” to simulating the complete physical “journey.”

Vision-inspired architectures and zero-shot physical probing

To bypass the inherent length constraints and complexity bottlenecks of 1D PLMs (Section 5.3), we
advocate for a paradigm shift toward Multi-scale Geometric Architectures. Rather than relying on inap-
propriate analogies to 2D image processing or document scanning, macromolecules must be modeled
natively as high-dimensional geometric manifolds or continuous electron density fields. This direc-
tion draws inspiration from Hierarchical Coarse-Graining (CG) Graph Neural Networks and Sparse 3D
Equivariant Convolutions. By dynamically pooling atomic representations into residue-level, and subse-

quently domain-level graphs, or by treating the molecular surface as a voxelized 3D scalar field (akin to
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high-resolution Cryo-EM density maps), this approach circumvents the O(N?) sequence limit entirely,
preserving the intricate allosteric signals necessary for capturing global functional specificity. Crucially,
the rich internal representations of these advanced architectures can be repurposed for zero-shot physical
probing. Inspired by frameworks like AF2BIND? which extracts pretrained pair representations from
AlphaFold2 to probe small-molecule pockets using disconnected amino acid “baits”future models can
deploy a similar strategy for peptide-protein interactions. By feeding structured peptide motifs (e.g.,
short a-helices or randomized k-mers) as geometric probes into these full-scale networks, researchers
can bypass massive explicit training. Instead, they can directly extract latent attention matrices to map
the continuous binding-energy landscape of the receptor surface, effectively transforming foundation

models from static structure predictors into dynamic, zero-shot biophysical sensors.

Autonomous molecular discovery via self-driving laboratories

A compelling strategy to bridge the discriminative-generative divide (Section 5.4) is the integration of
Al with autonomous robotics in a “Lab-in-the-Loop” configuration. In this paradigm, Large Language
Model (LLM) scientific agents orchestrate the entire hypothesis-design-synthesis cycle. Unlike static
models, these agents use real-time experimental data (e.g., from high-throughput Cryo-EM or SPR as-
says) to iteratively correct the AI’s internal energy landscape priors. Crucially, this system leverages
“negative data”failed binding experimentsas hard physical constraints to prune the hypothesis space.
By continuously updating its internal beliefs based on physical feedback, the Al system evolves from a
fixed predictor into a self-correcting discovery engine. This transition will transform drug design from a
stochastic search process into an autonomous, experimentally grounded molecular foundry, capable of

navigating the vast chemical space with increasing precision and reduced experimental cost.

In conclusion, this review argues that the future of molecular recognition modeling lies in an integra-
tive paradigm in which data are not used to replace physical models, but to constrain, calibrate, and
activate them. By embedding physical consistency into deep learning architectures and aligning com-
putational predictions with experimental realities, the field has the potential to bridge the long-standing

gap between structural insight and therapeutic application.
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Evolutionary Crossing
Ontological Restructuring:From Static to Dynamic Systems
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Figure 5. Ontological restructuring: Overcoming systemic mismatches and mapping the future of biomolec-
ular AI This conceptual diagram outlines the necessary evolutionary crossing from current structural bottlenecks
(Left) to next-generation modeling paradigms (Right). Row 1'(Scale & Environment): Moving toward context-
aware mesoscale interactomes. Row 2 (Thermodynamics & Time): Transitioning from static minima to 4D spa-
tiotemporal pathway generation. Row 3 (Algorithmic Architecture): Resolving sequence truncation via vision-
inspired token compression. Row 4 (Discovery Loop): Bridging the discriminative-generative divide through a
self-correcting Lab-in-the-Loop engine.
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