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Abstract

Modern protein-structure and protein-ligand affinity models are often described using
compressed technical language: sequences, SMILES strings, folded structures, pair represen-
tations, affinity heads, and binding scores. This paper reconstructs the data logic behind
such systems in plain technical terms. A protein is treated as a molecule made from atoms,
arranged through covalent bonding and folded into a three-dimensional structure. The
amino-acid sequence is the one-dimensional symbolic construction signal that is produced
from genetic coding through transcription and translation. A drug-like ligand is also a
molecule made from atoms, often represented in machine-learning workflows by a compact
symbolic code such as a SMILES string. Binding affinity is then a measured correspondence
between these two constructed systems, usually obtained under a particular experimental
protocol.

The central argument is that affinity is not only a local property of a ligand touching
a binding pocket. The binding pocket is itself a consequence of the whole multiscale
protein construction: local residues, motifs, secondary structures, domains, tertiary fold,
and sometimes quaternary assembly. Therefore, an affinity label is a scalar measurement
imposed on a multiscale correspondence between a protein construction signal and a ligand
construction signal. This motivates a Takens-based modelling programme in which biological
and chemical codes are treated as observed symbolic time series from which hidden geometric
structure may be reconstructed by delay-coordinate methods. A recently developed Takens-
based Transformer implementation is introduced as a proof-of-concept direction. A selected
in-training example for Protein Data Bank entry 1E2F is shown to reproduce a protein
backbone structure from residue sequence with a reported aligned root-mean-square deviation
of 1.39 A. This example is not presented as evidence of generalisation, but as a concrete
demonstration that sequence-to-geometry reconstruction through delayed relational modelling
is a practical line of investigation.

The paper is written for readers from molecular biology, chemistry, and computational
machine learning. Acronyms are minimised and defined where used. The aim is not to
replace crystallography, quantum chemistry, molecular dynamics, or existing deep-learning
systems, but to state a clear theoretical and practical programme: protein-ligand affinity can
be studied as a multiscale correspondence problem over compressed construction signals, and
Takens-style delay embeddings offer a principled method for reconstructing hidden geometric
constraints from those signals.

Keywords: protein structure prediction; binding affinity; SMILES; Takens embedding; delay
coordinates; Transformer models; protein-ligand modelling; multiscale correspondence.



1 Purpose and scope

This paper develops a simple but important claim. A protein sequence is not merely a list of
letters. It is a compact construction signal for a folded molecular object. A drug-like molecule is
also not merely a name or drawing. It is a compact construction signal for an atomic object with
possible conformations. When a measured binding-affinity value is attached to a protein-ligand
pair, that value is not attached only to a local contact point. It is attached to a multiscale
relationship between two constructed systems.

The practical motivation is recent work in structural biology and drug-discovery machine learning.
Current systems often use an amino-acid sequence for the protein and a ligand code such as
a SMILES string for the small molecule. These inputs are transformed into internal vectors,
pairwise tensors, predicted structures, and sometimes an additional final module that predicts
binding affinity. The language of such systems can become opaque. Terms such as “affinity
head” or “structure-free affinity prediction” can obscure what the data actually are and what
the model is actually trained to do.

The goal here is to recover the data construction in plain language. What is the input? What is
the target? What is measured? What is inferred? What is compressed? What is reconstructed?
And where is the boundary between experimental authority and learned correspondence?

This paper also develops a positive proposal. If a protein sequence is an observed one-dimensional
construction signal whose folded geometry is hidden but constrained, then methods from nonlinear
time-series reconstruction become relevant. Takens’ embedding theorem states, under suitable
assumptions, that the state space of a deterministic dynamical system can be reconstructed
from delayed observations of a single measured signal [1, 2, 3, 4]. The direct biological analogy
must be handled carefully: an amino-acid chain is not a literal clock-time trajectory in the same
sense as a scalar measurement of a fluid flow experiment. However, the residue sequence is an
ordered symbolic trace that carries construction constraints at multiple separations along the
chain. Treating the sequence as a signal and constructing delay-coordinate representations at
different delays is therefore a plausible method for exposing hidden geometric constraints.

The argument is theoretical and programmatic. It proposes a way to state the problem, formalise
the data relationships, and design future experiments. The included protein-structure figures
are illustrative and are explicitly limited: they show one selected in-training example from a
prototype Takens-based Transformer model, not a general benchmark.

2 Base concepts: molecules, proteins, and binding

A molecule is a collection of atoms connected by chemical bonds. The identity of the atoms, the
connectivity between them, the bond orders, the charges, and the three-dimensional arrangement
determine much of its behaviour. For a small rigid molecule, it may be possible to draw a
relatively stable structure and discuss a limited set of shapes. For a large flexible molecule, there
may be many possible conformations.

A protein is a large biological molecule made from amino acids. Each amino acid becomes a
residue after it is joined into the chain. The protein chain is usually described as a one-dimensional
sequence of residue symbols:

PZ(plava"‘va)a (1)

where p; is the residue at sequence position 7, and N is the number of residues in the chain.

The sequence is not arbitrary. In living cells, it is produced from genetic information. A DNA



coding region is transcribed into RNA, and the RNA is translated by the ribosome into a chain
of amino acids. For the purposes of most protein-structure models, the immediate input is
not usually the DNA nucleotide sequence itself, but the translated amino-acid sequence. The
upstream fact remains important: the sequence is a biological construction signal. It is a
one-dimensional symbolic code from which a three-dimensional molecular object is built.

Protein structure is often described at several levels:

e The primary structure is the residue sequence.
e Secondary structures are local patterns such as alpha helices and beta sheets.
e Tertiary structure is the full three-dimensional fold of one protein chain.

e Quaternary structure is the arrangement of multiple protein chains into a larger assembly.

These levels are not independent. Local residues affect local shape, local shapes interact across
longer distances, domains form larger structures, and assemblies can produce binding sites
that are not visible from a single local fragment alone. The Protein Data Bank itself organises
biomolecular structures hierarchically: proteins are composed of chains, chains fold into subunits,
and subunits can associate with other chains, ligands, water, and other molecular components
[11, 10].

A ligand is a molecule that binds to another molecule. In drug discovery, the ligand may be a
small molecule designed to bind a protein target. Binding means that the ligand and protein
form a complex for some period of time through a combination of shape complementarity, charge
interactions, hydrogen bonding, hydrophobic contacts, solvent effects, and entropic constraints.
Binding is therefore geometric, chemical, and dynamic.

The simplest physical picture is:

protein atoms + ligand atoms + environment — binding behaviour. (2)

But this picture immediately becomes difficult. The protein atoms move. The ligand atoms
move. Water molecules and ions move. Side chains change positions. The ligand may adopt
different conformations in solution and in the binding site. The protein may adjust when the
ligand binds. Therefore, binding affinity is not normally a property of one static pair of drawings.
It is a measured outcome of an ensemble of molecular states under a particular experimental
protocol.

3 Why atom positions are difficult

For an ideal physical model of affinity, one would like to know the atomic positions and dynamic
behaviour of the complete protein-ligand system:

XP(t)a XL(t)> XE(t)v (3)

where X p(t) denotes protein atomic positions over time, X (¢) denotes ligand atomic positions
over time, and X g(t) denotes environmental degrees of freedom such as solvent, ions, temperature,
and buffer conditions.

In practice, this is rarely available. Experimental structural biology provides measured anchors.
X-ray crystallography, nuclear magnetic resonance spectroscopy, and electron microscopy are



major methods used to determine protein structures; each begins from experimental data and
produces an interpreted atomic model [9]. The Protein Data Bank is the global archive for
experimentally determined three-dimensional macromolecular structures [10]. These structures
are invaluable, but they are not equivalent to having every molecular trajectory in the cell or
assay. A crystallographic model, for example, is an interpreted model fitted to diffraction data
under crystal conditions. Some residues can be unresolved. Ligands may be missing, partially
occupied, or modelled with uncertainty.

Computational chemistry can generate possible molecular conformations and estimate energies.
For small molecules, quantum-chemical methods can often be used to explore local geometries
and electronic structure. For full protein-ligand systems in water, exact first-principles quantum
treatment is not practical because the number of atoms and electrons is too large. Therefore
practical workflows use approximations: molecular mechanics, docking, molecular dynamics,
empirical scoring functions, free-energy perturbation, semi-empirical methods, density-functional
calculations for smaller subsystems, and increasingly deep-learning predictors.

This matters because a symbolic molecule description does not automatically provide a unique
measured three-dimensional state. A ligand may have many conformers. A protein may have
multiple accessible shapes. A binding event can involve solvent displacement and entropy
changes. The target of prediction is therefore not simply “the structure” in a singular sense, but
a relationship between compressed descriptions, possible structures, and measured outcomes.

4 SMILES as a ligand construction code

SMILES stands for Simplified Molecular Input Line Entry System. It is a compact line notation
for specifying chemical structure using ordinary text characters. The OpenSMILES specification
describes it as a typographical line notation for chemical structures [7]. Daylight’s documentation
describes generic rules for atoms, bonds, branches, ring closures, and disconnected components

[8].

The important point is that a SMILES string is not ordinary prose. It is a symbolic chemical
code. For example:

Molecule Informal description Example SMILES
Ethanol carbon-carbon-oxygen chain Cccao

Carbon dioxide oxygen-carbon-oxygen with double bonds 0=C=0

Benzene aromatic six-membered ring clcccccl
Alanine, one stereochemical form amino acid with chirality N[CeH] (C)C(=0)0

The symbols encode atoms, bonds, branches, rings, charges, and sometimes stereochemistry.
A ring can be written by using a number to mark a bond closure. Branches are written with
parentheses. Aromatic atoms can be represented with lower-case symbols. Stereochemistry can
be represented with symbols such as @, /, and \. Different valid SMILES strings can represent
the same molecule unless a canonicalisation algorithm is used.

SMILES exists because it is compact, machine-readable, searchable, and widely attached to
chemical databases. Large public bioactivity datasets often contain protein identifiers, ligand
SMILES strings, assay descriptions, and measured activity values. They do not usually contain
complete experimentally measured bound atomic positions for every protein-ligand pair.



This is the key data substitution:

complete measured atom positions and dynamics are replaced by protein code+ligand code+activity label
(4)

That substitution is useful, but it must not be mistaken for direct physical measurement of the
full binding event.

5 Affinity values: what is measured

Binding affinity is a measure of how strongly a ligand binds to a target. In experimental practice,
different quantities may be reported, including dissociation constants, inhibition constants,
half-maximal inhibitory concentrations, percentage inhibition at a fixed concentration, or other
assay-derived readouts. These are not identical measurements, but they are often brought into
model-training datasets after filtering, standardisation, and transformation.

A common transformation is to convert concentration values into a logarithmic scale. For
example, if an inhibitory concentration is measured in molar units, a value such as

pIC50 = —1logo(I1Csxp) (5)

may be used. Higher values then indicate stronger apparent potency.

A binding-affinity dataset can therefore be represented in simplified form as:

D= {(PnaLnaana(In)}r]y:l’ (6)

where P, is a protein sequence or protein identifier, L, is a ligand representation such as a
SMILES string or molecular graph, a, is the measured affinity or activity value, g, is metadata
describing the assay conditions and quality, and M is the number of examples.

The metadata term ¢, is important. The same protein-ligand pair can appear under different
assay types, laboratories, buffer conditions, temperatures, constructs, species variants, and
measurement protocols. A model that sees only P,, L,, and a, may therefore be forced to
absorb assay heterogeneity into its learned representation.

For early screening, the target may not be a precise affinity value. It may be a binary or
probabilistic question:

Does this ligand bind this protein under the assay conditions? (7)

A model may therefore include both a regression output for a continuous affinity value and a
classification output for binder versus non-binder.

6 Current modelling practices

Current computational workflows sit on a spectrum.

At one end are physics-based approaches. Docking methods attempt to place a ligand into a
binding site and score possible poses. Molecular dynamics simulates approximate atomic motion
under a force field. Free-energy perturbation and related alchemical methods estimate changes
in binding free energy by simulating transformations between molecular states. These methods
are physically motivated and can be powerful, but they can be computationally expensive and



sensitive to setup. Modern free-energy calculations remain an important tool in drug discovery,
especially when precise relative ranking is needed inside a well-defined chemical series [16, 17].

At the other end are machine-learning approaches that learn patterns from data. A model may
be trained on protein sequences, ligand strings or graphs, predicted structures, experimental
activity values, or combinations of these. Modern biomolecular foundation models increasingly
aim to predict structures of complexes involving proteins, nucleic acids, small molecules, ions, and
modified residues. AlphaFold 3, for example, uses a diffusion-based architecture for predicting
joint structures of biomolecular complexes including proteins, nucleic acids, small molecules,
ions, and modified residues [5]. The AlphaFold Protein Structure Database describes AlphaFold
as predicting a protein’s three-dimensional structure from its amino-acid sequence, with accuracy
competitive with experiment in many cases [6].

OpenFold3 and related open systems aim to provide accessible implementations of similar
structural modelling ideas. AQAffinity, built on OpenFold3, is described as a structure-free
affinity system that takes sequence-SMILES inputs and trains an affinity head on curated data
from ChEMBL36, BindingDB, and PubChem [13]. The phrase “structure-free” here should be
read carefully. It does not mean that the model has no internal structural representation. It
means that an experimentally measured input structure is not required at prediction time. The
model uses sequence and ligand code to construct internal representations from which affinity is
predicted.

A recent Apheris case study examined fine-tuning an OpenFold3 affinity head on a small
JAK2 macrocycle dataset. A public summary reports a weak baseline followed by architectural
refinements and targeted fine-tuning on 49 compounds, with 20 held out for validation. The
reported result is useful not because it proves broad generality, but because it shows how a
model that initially fails on a narrow chemical regime may be locally repaired by adjusting
representation and training the final prediction layers [14, 15].

7 What is an affinity head?

In neural-network language, a “head” is usually the final task-specific module attached to a
larger model. The larger model, often called a trunk or backbone, converts inputs into internal
representations. The head reads those representations and predicts the target value.

In a protein-ligand affinity model, the input may be:
(P, L) = (protein sequence, ligand SMILES or graph). (8)

The model transforms these into vectors and pairwise tensors. A residue token may interact
with another residue token. A ligand atom token may interact with another ligand atom token.
A residue token may interact with a ligand atom token. The internal pair representation can
therefore contain relational information of the form:

(0ip), i lk)s (s lm), (9)
where p; and p; are protein residues and [y, [,, are ligand atoms or ligand tokens.
The affinity head then maps the final internal representation to an output:
a=hg(R(P, L)), (10)

where R(P, L) is the model’s learned representation of the protein-ligand pair, hy is the affinity
head with trainable parameters 8, and a is the predicted affinity value.



If the target is binder classification, the output may instead be:
b= o(hs(R(P, L)), (11)
where b is a predicted probability of binding and ¢ is a logistic function.

This is not a support-vector machine in the usual sense. It is an internal neural prediction module.
The intermediate tensors are usually not exported by a human and fed into a separate classical
classifier. Instead, information flows through neural modules during training and inference. The
training objective compares the predicted output to experimental labels and adjusts trainable
weights.

For continuous affinity values, a simplified loss might be:

Lot = 57 > (n —an)?. (12)

n=1

For binder classification, a binary classification loss may be used:

M
Lima = 37 [buloa(ba) + (1~ b log(1 ~5,)] (13)
n=1

A combined model can use both.

8 The data construct hidden beneath the language

The practical dataset is not usually:

complete measured protein atom trajectory+complete measured ligand atom trajectory — affinity.
(14)
It is more often:

protein sequence + ligand code + assay label — trained predictive correspondence. (15)

This is not a criticism of such data. It is an acknowledgement of what is actually available.
Sequence data and SMILES data are abundant. Full experimental protein-ligand structures are
scarce by comparison, and full dynamic atom-position histories are not available as routine data
objects.

The compression is therefore unavoidable. The protein is compressed into a sequence. The
ligand is compressed into a line notation or graph. The assay is compressed into one or more
labels. The model then learns a mapping through a latent space:

(P,L) — Z(P,L) — a, (16)
where Z(P, L) is a learned internal representation and a is the predicted affinity.

The affinity label then carves the latent space. Pairs with similar measured outcomes are pulled
toward representational regions that support similar predictions. Pairs with different outcomes
are separated. If the latent representation preserves physically relevant structure, the model
may become useful. If the representation is distorted or dominated by dataset artefacts, the
model may still produce confident numerical outputs without corresponding physical authority.

This distinction is central. A model output can be useful without being a first-principles
calculation. It can be a learned correspondence between compressed symbolic inputs and
measured outcomes. The scientific risk is not that such models exist; the risk is narrating them
as though the compression necessarily carries full physical understanding.



9 The multiscale correspondence claim

The central claim of this paper can now be stated.

A protein sequence contains information for structures at multiple scales. A ligand code contains
information for a molecular object with its own substructures and possible conformations. A
measured affinity value is a correspondence measurement over the interaction between these
multiscale objects.

Let the protein sequence be:
P:(plup27"'7pN)' (17)

Let the ligand code be:
L:(l17l27'”7lM)7 (18)

where the ligand tokens may represent atoms, bonds, ring closures, branches, or graph-derived
atom features depending on the representation.

Let S(P) denote the multiscale structural realisation of the protein:
S(P) ={S51(P),S2(P),...,Sk(P)}, (19)

where S7 may represent local residue patterns, Sy secondary structures, S3 domains, Sy tertiary
fold, and S5 quaternary assembly or higher-order context.

Let M(L) denote the multiscale molecular realisation of the ligand:
M(L) = {M;(L),Ms(L),...,M;(L)}, (20)

where the levels may include atoms, local functional groups, ring systems, conformers, charge
distributions, and larger molecular shape.

Then measured affinity can be written as:
A=C(S(P), M(L), E,Q), (21)

where C' is a correspondence or locking function, £ denotes environmental conditions, and Q
denotes the measurement protocol.

This formulation says that affinity is not merely:
binding pocket + ligand — score. (22)

Rather, the binding pocket is itself a consequence of the whole multiscale protein construction.
The local site is made possible by the full sequence. Therefore, even when a model focuses on a
local crop around a ligand, the local crop has been produced by global sequence constraints.

10 The sentence metaphor

The analogy to language is useful because it makes the scale structure intuitive without requiring
biological specialisation.

A protein sequence can be compared to a document:



Language scale Protein scale Structural meaning

Letter or word residue local symbolic unit
Short phrase motif local pattern

Sentence secondary structure local folded grammar
Paragraph domain coherent substructure
Whole document tertiary fold full single-chain meaning

Library or dialogue quaternary assembly multi-chain context

A binding-affinity measurement is therefore not like scoring the match between one word and one
other word. It is more like scoring how one structured text relates to another structured object
across letters, phrases, sentences, paragraphs, and the whole document. The local interaction
matters, but the local region exists because the whole document has taken a particular form.

This metaphor should not be overextended. Proteins are physical molecules, not texts. The
useful point is scale. Sequence information carries nested constraints. A model that only sees
immediate local tokens may miss long-range structure. A model that only sees global summary
vectors may miss local contact details. A useful affinity model must support both.

11 Takens embedding as a modelling principle

Takens’ theorem was developed in the study of dynamical systems. In simplified terms, it
says that under suitable conditions the hidden state space of a deterministic system can be
reconstructed from delayed observations of a single measured signal [1, 2, 3]. Later work extended
and applied these ideas to empirical dynamic modelling and nonlinear time-series analysis [4].

For a scalar time series ¥, a delay-coordinate vector can be written as:
@T,d(t) = (yta Ytt+1 Yt+271, - - - 7yt+(d71)7)7 (23)
where 7 is a delay and d is the embedding dimension.

For a protein sequence, the observed signal is not a scalar measurement in external clock time.
It is an ordered symbolic chain. A residue token can be embedded as a vector:

ei = E(pi), (24)
where E maps a residue symbol to a learned vector representation.

A sequence-delay representation can then be written as:
P .
D (1) = (€, Citrs Citars - s Cit(d—1)r)- (25)

A family of delays can be used:

T ={m,7m,...,TR}, (26)
producing a multiscale representation:
E(P)={®f 4, (i):r=1,...,R;i=1,...,N}. (27)

Short delays capture local motifs. Intermediate delays capture relations across helices, sheets,
loops, and domains. Longer delays can expose distant sequence positions that become spatially
close after folding. This is precisely the biological difficulty: residues far apart in sequence can
be close in three-dimensional space.



A Takens-based Transformer can therefore be described as a neural architecture that constructs
delayed relational embeddings before or during attention. Instead of attention being applied
only to raw token positions, attention is guided by multiple delayed views of the sequence. The
model learns which delays matter for reconstructing hidden geometry.

12 A Takens-based Transformer for protein structure

A simplified Takens-based Transformer workflow for protein structure prediction is:

Amino-acid sequence
P = (plw-pr)

Y
Residue embeddings
e; = E(pi)

Y

LMulti—delay coordinates}

7 q(i)

Y

{Transformer attention}

over delayed relations

A

Y
Predicted geometry
Xp

Y

Training loss
a

gainst known structure

The known structure may come from an experimental database such as the Protein Data
Bank. The model is trained to minimise disagreement between predicted and target coordinates,
distances, or internal geometrical quantities. A simple coordinate loss is:

N
1 "
ﬁcoord = N Z sz - miH27 (28)
=1

where x; is a target coordinate for residue 7, and Z; is the predicted coordinate. Practical systems
may use alignment-invariant losses, pair-distance losses, torsion-angle losses, frame-aligned point
error, or combinations of geometric terms.

The conceptual distinction is that the model is not claimed to solve the full physical folding
process from first-principles quantum mechanics. Rather, it learns to reconstruct geometric
structure from the residue sequence as a compressed biological signal. Evolution, chemistry,
and physical viability have already shaped the sequence distribution. The model exploits those
constraints.

10



13 Illustrative example: 1E2F

Figures 1 and 2 show a selected example from a Takens-based Transformer implementation run
on a home computer. The example is Protein Data Bank entry 1E2F, identified by RCSB as
human thymidylate kinase complexed with thymidine monophosphate, adenosine diphosphate,
and a magnesium ion [12]. The figures compare a target structure and a predicted structure.
The overlay reports an aligned root-mean-square deviation of 1.39 A.

This example must be interpreted carefully. It is a selected good example, and it comes from the
original training set. It does not establish generalisation to unseen proteins. It does, however,
demonstrate the practical possibility of reconstructing a coherent protein geometry from sequence
using delayed relational modelling. The scientific value at this stage is methodological: it shows
that the Takens-based framing can be implemented and can reproduce known structure under
favourable conditions.

1E2F - Aligned Overlay
1E2F - True Structure 1E2F - Predicted Structure RMSD: 1.394

—— True —e— Predicted —— True
—e— Predicted

«
Z A

xuy 1 20 -20

Figure 1: Selected in-training example from a prototype Takens-based Transformer model. The left
panel shows the target structure for 1E2F, the middle panel shows the predicted structure, and the right
panel shows an aligned overlay with reported root-mean-square deviation of 1.39 A. This is an illustrative
implementation result, not a benchmark claim.

1E2F - Per-Residue RMSD
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Residue Index

Figure 2: Per-residue root-mean-square deviation for the selected 1E2F example. Most residues show
low deviation, with one early outlier. The result suggests coherent reconstruction for this in-training case,
while also illustrating the need for careful residue-level diagnostics rather than relying only on a single
global score.

11



14 Extending the approach to ligands and affinity

The same logic can be extended to protein-ligand affinity. The protein sequence provides a
multiscale construction signal. The ligand code provides another construction signal. A measured
affinity value provides the correspondence label.

A Takens-based affinity architecture can be written schematically as:
a=Hy(Ep(P),EL(L),CpL(P,L),q), (29)

where Ep(P) is the multiscale delayed representation of the protein, £ (L) is a ligand represen-
tation, Cpr,(P, L) is a cross-correspondence representation between protein and ligand tokens, g
is assay metadata when available, and Hy is the predictive model.

For the ligand, there are several possible representations:

e A raw SMILES token sequence.
e A canonicalised SMILES token sequence.

¢ Multiple randomised SMILES strings for the same molecule, used to reduce dependence on a
single textual traversal.

e A molecular graph with atoms as nodes and bonds as edges.

¢ Generated conformer ensembles with approximate three-dimensional coordinates.

o Hybrid representations combining graph, conformer, and sequence-like encodings.

The ligand representation must be treated with caution. A SMILES string is a traversal of a
graph, not the molecule itself. Two strings can represent the same molecule. A model may learn
artefacts of the notation if care is not taken. A graph representation is closer to connectivity, but

still not the full dynamic molecule. A conformer ensemble is closer to geometry, but generated
conformers are computational constructions, not necessarily measured bound states.

A combined training objective might include structure and affinity terms:
L= )\Sﬁstructure + AAﬁaf'l‘inity + )\B/v‘bindingv (30)

where Ag, A4, and Ap are weights controlling the importance of structure reconstruction,
continuous affinity regression, and binder classification.

The model should also be evaluated at different levels:

Does it reconstruct known protein geometry?

e Does it predict ligand pose when experimental complexes exist?
e Does it rank ligands correctly within a chemical series?

e Does it generalise to new scaffolds?

e Does performance degrade outside the training basin?

e Which delay scales contribute to prediction?

12



15 Why the affinity label acts across all scales

Suppose a ligand binds in a local pocket. It is tempting to think that only pocket residues
matter. But the pocket is not an independent object. It exists because the whole protein folds
into a particular geometry. A residue far from the binding site in sequence can stabilise a
domain orientation that creates or destroys the pocket. A mutation outside the pocket can alter
dynamics, allostery, or conformational populations. A quaternary assembly can create a binding
site between chains.

Therefore, an affinity label a attached to (P, L) is formally a label over the whole pair, even if
the immediate physical contact is local:

a ~ C({Sk(P)}izr, AM; (L)}, B, Q). (31)

In machine-learning terms, this means the target label may supervise features at many levels of
the representation. Local ligand-atom to residue contacts may dominate the final binding event,
but long-range sequence dependencies may determine whether those contacts are possible. This
is the core reason a multiscale delay method is attractive: it gives the model explicit routes to
learn short, medium, and long separation dependencies.

16 A comparison with current sequence-SMILES affinity models

A conventional sequence-SMILES affinity model can be summarised as:

(P, L) encoder 7 head A (32)

A structure-grounded model adds a geometry-producing or geometry-aware middle:

(P, L) structural model

affinity head
Xpr,Zp, ———— a.

The Takens-based programme proposed here can be represented as:

geometry and correspondence model

) multi-delay embeddings (

(P, L Ep,€r,Cpr) (X,a).  (34)

The difference is not merely architectural. It is epistemic. The model explicitly treats the input
codes as observed signals from which hidden geometry and correspondence must be reconstructed.
This avoids over-narrating the model as a first-principles physical solver. The model is instead a
reconstruction engine over compressed construction signals, trained against measured structures
and measured affinity labels.

17 Knowledge limits and failure modes

Several limits follow from the data construct.

First, SMILES compression may be insufficient for some tasks. The same molecule can have
multiple valid SMILES strings. The string may encode connectivity and stereochemistry, but
not a unique bound conformation. If a model learns a convenient string-pattern shortcut, it may
fail on new chemical scaffolds.

13



Second, affinity datasets are noisy. A measured activity value may depend on assay type,
concentration range, protein construct, temperature, pH, time, detection technology, and data
processing. Merging ChEMBL, BindingDB, PubChem, and proprietary assay data can create
scale and protocol heterogeneity. Data curation is therefore not a secondary detail; it is part of
the model.

Third, a successful local fine-tuning result does not imply broad physical understanding. A
model can perform well in one chemical series and fail on another. This is especially relevant for
macrocycles, where ring constraints, conformational penalties, and sparse training examples can
stress the representation.

Fourth, predicted structures and predicted affinity values require different forms of validation.
A structure can be compared to crystallography or cryo-electron microscopy when available.
An affinity prediction must be compared to experimental binding or activity measurements. A
model can predict a plausible-looking structure and still fail to rank affinity correctly.

Fifth, a model may learn dataset correlations rather than physical causes. This is not unique to
machine learning; all empirical modelling depends on the representativeness of data. But the
risk is amplified when internal representations are difficult to inspect.

18 Proposed research programme

The programme proposed here has six steps.

Step 1: sequence-to-structure validation. Train and test Takens-based Transformers on
protein structures with strict separation between training and test sets. Evaluate root-mean-
square deviation, local distance errors, residue-level errors, secondary-structure consistency, and
performance on unseen folds.

Step 2: delay-scale ablation. Remove or vary different delay families to identify which
sequence separations matter for local motifs, secondary structures, domains, and long-range
contacts. This is essential for showing that the delay construction adds interpretable value
beyond ordinary attention.

Step 3: ligand-code representation tests. Compare raw SMILES, canonical SMILES,
randomised SMILES, molecular graphs, and conformer ensembles. Determine which ligand
representation preserves the most useful information for affinity prediction and where each fails.

Step 4: structure-plus-affinity training. Combine structure reconstruction with affinity
prediction. Use known protein-ligand complexes where available, but also test structure-free
settings where only sequence, ligand code, and assay labels are available.

Step 5: multiscale correspondence diagnostics. Examine whether affinity predictions
depend mostly on local pocket features, long-range sequence features, ligand substructures, assay
metadata, or scaffold similarity. The goal is to diagnose the learned correspondence rather than
simply report a score.

Step 6: prospective validation. Use the model to propose predictions before experiments,
then compare with new measured results. This is the strongest test of whether the learned
correspondence is useful outside retrospective datasets.
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19 Conclusion

The practical data construct behind many protein-ligand models is simple once the terminology
is unpacked. A protein sequence is used as a compact construction signal for a folded molecular
object. A ligand code such as SMILES is used as a compact construction signal for a drug-like
molecule. Experimental affinity provides a measured label for the relationship between them.
A neural model then learns a latent correspondence between these compressed signals and the
measured outcome.

The important theoretical refinement is that affinity is multiscale. The ligand may bind locally,
but the local pocket is produced by the whole protein construction. Therefore, the affinity label
is attached to the relationship between a ligand and the full nested structure encoded by the
protein sequence: residues, motifs, secondary structures, domains, tertiary fold, and possibly
quaternary assembly.

Takens-style delay embedding provides a principled way to treat the sequence as an observed
signal from which hidden geometric structure may be reconstructed. A Takens-based Transformer
can use multiple delays to expose local and long-range constraints. The 1E2F example included
here demonstrates that such an implementation can reproduce a known protein structure in an
in-training case. The next scientific step is not to claim generality, but to build the benchmark
path carefully: held-out structures, unseen folds, ligand representation tests, affinity datasets,
scale ablations, and prospective validation.

The proposed approach is therefore not a replacement for structural biology or physical chemistry.
It is a new modelling programme: treat biological and chemical codes as compressed construction
signals, reconstruct hidden geometry through delayed relational embeddings, and interpret
affinity as a measured multiscale correspondence between those constructed systems.

A Plain-English glossary

Term Plain-English meaning

Amino acid A molecular building block of proteins.

Residue

Protein sequence
DNA

RNA

Ligand

SMILES
Conformation
Binding affinity
Affinity head
Embedding

Delay coordinate

An amino acid after it has been incorporated into a protein chain.
The ordered list of residues in a protein chain.

The genetic storage molecule. It contains coding regions that can
be transcribed into RNA.

A molecule transcribed from DNA; messenger RNA can be trans-
lated into a protein sequence.

A molecule that binds to another molecule, often a drug-like
molecule binding a protein.

A compact text notation for molecular structure, encoding atoms,
bonds, branches, rings, charges, and sometimes stereochemistry.
A possible three-dimensional shape of a molecule.

A measured indication of how strongly a ligand binds to a target.
The final task-specific neural-network module that predicts affinity
from internal representations.

A vector representation of a symbol, token, residue, atom, or
larger structure.

A representation formed by combining observations separated by
a chosen delay.
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Takens embedding A method from dynamical systems showing how hidden state
structure can be reconstructed from delayed observations under
suitable conditions.

Transformer A neural-network architecture that uses attention to learn rela-
tionships between tokens.

Root-mean-square devi- A common measure of average structural difference between two

ation sets of coordinates after alignment.

B Compact formal statement

Let P = (p1,...,pN) be a protein residue sequence. Let L = (I1,...,ly) be a ligand code. Let
E be the environment and @) be the assay protocol. Let S(P) and M (L) be multiscale structural
realisations of protein and ligand. The measured affinity is modelled as:

A=C(S(P), M(L), E,Q) + e, (35)

where C' is an unknown correspondence function and € represents measurement noise and
unmodelled factors.

A Takens-based sequence representation is:
oL (i) = (E(), Eiss), - EDisiaryr)) - (36)
A multi-delay family produces:
E(P)={®L,()):7€T,i=1,...,N}. (37)

The modelling task is to learn:
(P, L, Q) — (X, A), (38)

where X is predicted geometry and A is predicted affinity.

C Data construct table

Layer Data object Role in modelling

Genetic coding DNA / RNA sequence Upstream biological code used by the cell to
produce the amino-acid sequence.

Protein input Amino-acid sequence Main symbolic construction signal for the

protein chain.
Protein structure Atom or residue coordi- Experimental or curated target geometry for

target nates structure training.

Ligand input SMILES or graph Symbolic construction signal for the drug-
like molecule.

Ligand geometry Conformers or bound Optional computed or measured geometry.

pose Often unavailable.

Affinity target Binding/activity value Experimental scalar label used for regression
or classification.

Metadata Assay conditions Critical context for interpreting activity val-

ues. Often incomplete.
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Model representa- Latent vectors/tensors Learned compression where protein-ligand

tion correspondence is represented.
Prediction Structure and/or affin- Model output requiring validation.
ity
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