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Abstract 

We describe a docking-oriented pattern-recognition framework for structure-based ligand generation and 

screening that combines (i) Avogadro-number scaling as a deterministic magnitude stabilizer and (ii) special-

function feature maps—regularized hypergeometric expansions and Chebyshev polynomial embeddings—

as high-capacity descriptors of pocket–ligand interactions. Similarity is implemented via an entanglement-

inspired positive semidefinite kernel that behaves like an operator overlap (trace) after partial-trace-like 

aggregation over fragment ensembles. Candidate ligands are assembled by a rule-driven generator that treats 

fragment assembly as a restricted formal language, enforcing syntactic chemical validity by construction. 

The method is evaluated strictly as an in-silico docking-oriented pattern-recognition system across multiple 

SARS-CoV-2 targets (spike-related and protease-related binding pockets) using generated ligand families 

compared to reference antivirals. Outputs are reported as patterns over docking affinity and energy 

components (van der Waals, electrostatics, total), emphasizing numerical stability, rank behavior, and failure 

modes. No clinical efficacy is claimed; results remain computational hypotheses requiring experimental 

validation. 

Keywords: Pattern recognition; molecular representation learning; Chebyshev polynomials; hypergeometric 

functions; kernel methods; generative-docking; SARS-CoV-2. 

 



1. Introduction 

Docking-oriented molecular pattern recognition treats docking as an evaluation oracle rather than the 

primary optimization object: under a fixed protocol, docking returns a reproducible scoreboard 𝐷(ܲ,  for (ܮ

pocket–ligand pairs, optionally accompanied by component terms such as (ܧvdW, ,elecܧ  tot), while theܧ

learning problem is shifted to the representation, similarity, and constrained-generation stack that makes this 

scoreboard stable and usable at scale [1]–[4], [52]–[55]. This framing is motivated by two recurrent failure 

modes in practical screening: first, pocket–ligand structure can be encoded in ways that collapse under 

multiscale dynamic range, truncation, or poor conditioning; second, generative search can yield invalid 

chemistry or low-diversity candidates before docking capacity is meaningfully exploited [1]–[8], [23]–[26]. 

Accordingly, the method is designed around two linked requirements—representational expressivity and 

downstream rank alignment—summarized operationally as “Scale → Expand → Translate → Assemble 
→ Aggregate → Score → Compare”. In the present study, “Scale” denotes deterministic magnitude 

conditioning such as ̃ݑ = )/ݑ ஺ܰఈ + ݑ̂ Expand” denotes bounded nonlinear lifting such as“ ,(1) (ߝ =tanh⁡(̃ݑ) (2) followed by special-function embeddings, and “Aggregate/Compare” denotes PSD pooling and 

overlap computation, e.g. ܭ(ܲ, (ܮ = Tr(ߩ௉ߩ௅) (3), so that the final score can be interpreted as a stable, rank-

oriented surrogate of the docking oracle rather than as an absolute physical observable [23]–[26], [30]–[36]. 

The application context is entirely in silico and targets SARS-CoV-2 spike-related complexes and the main 

protease (Mpro) derived from experimentally determined Protein Data Bank structures [9]–[13]. All outputs 

are therefore computational hypotheses: docking does not establish efficacy or safety, and meaningful 

translation still requires synthesis feasibility, biochemical testing, and broader pharmacological profiling 

[14], [15], [52]–[55]. This scope boundary is important given the broader COVID-19 treatment landscape, 

which extends well beyond any single computational workflow [16], [52]. 

2. Methods and materials: representation, ranking, and constrained generation 

2.1 Rank-aligned docking-oriented representation and PSD kernel scoring pipeline 

The method is designed around the premise that, in docking-oriented generative screening, the main 

challenge is not evaluating a fixed docking score 𝐷(ܲ,  but constructing ligand representations that remain (ܮ

chemically valid, diverse, pocket-aware, and comparable under a stable similarity notion [17]–[26], [31]–

[36]. Under a fixed docking protocol, each pocket–ligand pair is assigned an oracle score 𝐷(ܲ,  and ,(ܮ

pocket-specific preferences are defined by ܮ௜ ≻ ௝ܮ ⇔ 𝐷(ܲ, (௜ܮ < 𝐷(ܲ,  ௝) (1), so the learning problem isܮ

cast as ranking rather than absolute score prediction [1]–[4], [27]–[29], [52]–[55]. To stabilize features before 

nonlinear expansion, each channel ݑ is conditioned as ̃ݑ = )/ݑ ஺ܰఈ + ݑ̂ and then bounded by (2) (ߝ =tanh⁡(̃ݑ) (3), after which pocket channels are expanded by Chebyshev carriers and ligand channels by 

truncated regularized hypergeometric maps [30]–[36]. Fragment and pocket embeddings are pooled into PSD 

operators ߩ௅ = ∑ ௠௠ݓ  ߶( ௠݂)߶( ௠݂)⊤ (4) and ߩ௉ = ∑ ௥௥ߟ  and compatibility is measured ,(5) ⊤(௥݌)߰(௥݌)߰ 



by the trace-overlap kernel ܭ(ܲ, (ܮ = Tr(ߩ௉ߩ௅) (6), optionally regularized by shrinkage ߩ ← (1 − ߩ(߬  to improve conditioning while preserving PSD structure [23]–[26], [37]–[39]. The final score is (7) ݀/ܫ߬+

formed by fusing explicit interaction descriptors and kernel diagnostics, e.g. Ψ(ܲ, (ܮ =[Φ(ܲ, (ܮ ∥ ,ܲ)ܭ   (ܮ ∥   log⁡(ܭ(ܲ, (ܮ + (ߜ ∥   Tr(ߩ௉) ∥   Tr(ߩ௅)] (8), followed by either a linear 

predictor ܵఏ(ܲ, (ܮ = ,ܲ)Ψ⊤ߚ ,ܲ)or a nonlinear map ܵఏ (9) (ܮ (ܮ = MLPఏ(Ψ(ܲ,  Rank .[26]–[23] (10) ((ܮ

alignment is then learned with a pairwise logistic objective ߠ)ܮ; ܲ) = ∑ log⁡  ⁣(1 + exp⁡(݉ −(௜,௝)∈࣪(௉)[ ܵఏ(ܲ, (௜ܮ − ܵఏ(ܲ, ௜௝ݓ ௝)])) (11), optionally weighted by docking hardnessܮ = 1/(∣ 𝐷(ܲ, (௜ܮ − 𝐷(ܲ, (௝ܮ  .reflecting the emphasis on enrichment and rank agreement in docking benchmarks [27]–[29] ,(12) (ߝ+∣

2.2 Constrained fragment generation, diversity-controlled beam search, and experimental screening 

setup 

Ligand generation is treated as constrained symbolic execution rather than unconstrained string sampling, so 

that validity is enforced during construction rather than repaired afterward [5]–[8], [40]–[49]. A ligand is 

generated from a fragment library ܨ and grammar ܩ as ܮ ∼ (ܮ)ܥ subject to ܩ = true (13), where ܥ(⋅)encodes valence, bond-compatibility, ring-closure, attachment-type, and optional stereochemical 

constraints; operationally, an action ܽ௧ is accepted only if Valid(ݏ௧ , ܽ௧) = 1 (14) and the state is updated 

by (ݏ௧+1, (௧+1ܮ = Step(ݏ௧ , ௧ܮ , ܽ௧) (15) [40], [41]. Search is performed by a kernel-guided beam in which the 

partial objective is Score(ܲ, (ܮ = ܵఏ(ܲ, (ܮ + (ܮ)for example with a length penalty ℎlen ,(16) (ܮ)ℎߛ = ߙ− ܮ∣ ∣ (17), and diversity is protected by a fingerprint penalty DivPen(ܮ; (ܤ =max⁡௅′∈஻ Simtan(ܮ, ,ܮ)using Simtan (18) (′ܮ (′ܮ = ⟨௙(௅),௙(௅′)⟩∥௙(௅)∥1+∥௙(௅′)∥1−⟨௙(௅),௙(௅′)⟩ (19), so that Scorediv(ܲ, (ܮ =Score(ܲ, (ܮ − ;ܮ)DivPen ߟ ௧+1ܤ and (20) (ܤ = TopB(ܥ௧+1; Scorediv(ܲ,⋅)) (21) [17]–[21]. Experimentally, 

targets are selected from SARS-CoV-2 spike-related and protease-related PDB structures [9]–[13], candidate 

pockets are defined by cavity detection such as ܲ(ܶ) = { 1ܲ , … , ௡ܲು(்)} (22) using fpocket-like procedures 

[50], and each generated ligand is conformer-prepared and minimized before docking under a fully logged 

protocol because docking rankings remain sensitive to pocket definition, ligand preparation, and engine 

settings [1]–[4], [19], [50]–[55]. 



 

 

Figure 1. ROCCUFFIRNA Hyper Mega Core scaffold, R-substitution grammar, and ̄ܭ-derived topology under Avogadro-

conditioned operator kernels. (A) Consensus 2D scaffold of the ROCCUFFIRNA Hyper Mega Core showing the two design 

handles: R1 (sulfonate O-substituent / acid–ester tail) and R2 (distal piperazine N-substituent / warhead–macro-tail 

module). (B) Publication-facing “substitution map” that links each handle (and sub-sites) to the FR5–FR9 variant logic (e.g., R1 

capturing terminal −SO3H vs sulfonate-ester tails; R2 capturing β-lactam/phosphaspiro and heteroaryl macro-tail motifs). 

(C) Avogadro-conditioned normalized trace-overlap matrix ̄ܭ (sample 10 × 5) comparing pocket operators {ߩ௉೔}௜=110  (rows P01–P10) 

against the fixed ligand panel {ߩிோೕ}௝∈{5,…,9} (columns FR5–FR9). Operators are constructed as PSD covariances of expanded, bounded 

features (Chebyshev for pockets; truncated hypergeometric for ligands) after robust normalization and deterministic Avogadro scaling: ݖ௞ = ௙ೖ−median(௙ೖ)MAD(௙ೖ)+ఌ , (ߙ)ݏ = exp(−ߙ log ஺ܰ) , ݂̂ = tanh ݖ)⁣  ⋅ ((ߙ)ݏ , ߩ = 1௡ܼ⊤ܼ ⪰ )ܭ,0 ௜ܲ, ܨ ௝ܴ) = Tr (ிோೕߩ௉೔ߩ) , )ܭ̄ ௜ܲ, ܨ ௝ܴ) =
Tr(ఘು೔ఘಷೃೕ)√Tr(ఘು೔2 )Tr(ఘಷೃೕ2 )+ఌ.The color scale highlights heterogeneous pocket–ligand compatibility patterns (higher ̄ܭ ⇒ stronger operator overlap 

under the PSD kernel). (D) Empirical distribution of ̄ܭ values across the sampled pocket–ligand pairs, summarizing similarity mass and 

spread (useful for diagnosing saturation/collapse vs discriminative separation under the chosen expansion orders and shrinkage). 

(E) “Teleport-topology” graph induced by thresholding ̄ܭ: an edge is drawn when ̄ܭ ≥ 0.45, yielding a sparse connectivity view that 

can be used as the substrate for teleportation/quantum-walk style margin enhancement (graph construction is strictly representation-

derived, not a physical claim). (F) One-step pocket→ligand transition probabilities obtained by row-normalizing ̄݌ ,ܭ௜→௝ =௄̄೔ೕ∑ ௄̄೔ೕ′ೕ′ +ఌ,⁡and then averaging across pockets (mean probabilities shown): FR5 ≈ 0.15, FR6 ≈ 0.16, FR7 ≈ 0.20, FR8 ≈ 0.25, FR9 ≈
0.25. This aggregation provides a compact, reproducible summary of which FR variants dominate the induced affinity flow under the 

Avogadro-conditioned normalized trace-overlap kernel. 



2.2.1 Conformer ensembles and minimization 

For each ligand ܮ, a conformer ensemble is generated using RDKit [19], Conf(ܮ) = {߯1, … , ߯஼}(1), and each 

conformer is then minimized under MMFF94 [51] as ߯௖⋆ = arg⁡min⁡ఞ೎ ܿ ,MMFF94(߯௖)ܧ = 1,… ,  to ,(2) ܥ

reduce strain and improve consistency before docking, which is important because docking outcomes are 

sensitive to ligand preparation and starting geometry [1]–[4], [52]–[55]. Per-ligand summary statistics are 

reported as the mean minimized conformer energy ̄(ܮ)ܧ = 1஼∑ MMFF94஼௖=1ܧ (߯௖⋆) (3) and the minimum 

minimized conformer energy ܧmin(ܮ) = min⁡௖  MMFF94(߯௖⋆) (4); these quantities can be used as heuristicܧ

terms ℎ(ܮ) in beam search and as filters for extreme conformational strain [19], [51]. 

2.2.2 Fingerprints and graph descriptors for baselines and diversity 

Each ligand is also encoded by a Morgan/ECFP-like fingerprint ݂(ܮ) [17], [18], which supports baseline 

similarity scoring, diversity control, and nearest-neighbor analysis against reference antivirals. In particular, 

pairwise Tanimoto similarity is computed as Simtan(ܮ௜ , (௝ܮ = ⟨௙(௅೔),௙(௅ೕ)⟩∥௙(௅೔)∥1+∥௙(௅ೕ)∥1−⟨௙(௅೔),௙(௅ೕ)⟩ (5), enabling a 

fingerprint baseline fܵp(ܮ) = max⁡௥∈ோ Simtan(ܮ,  over a reference set ܴ, as well as diversity tracking(6) (ݎ

through Div = 2ே(ே−1)∑ (1 −௜<௝ Simtan(ܮ௜ ,  ௝)) (7) [17]–[21]. This use of ECFP-style encodings followsܮ

standard cheminformatics practice and provides a compact baseline against which the more structured 

docking- and kernel-based representations can be assessed [17]–[21]. 

 
Figure 2. Avogadro-scaled hypergeometric–Chebyshev feature maps with PSD operator overlap, and teleportation/quantum-walk 

margin enhancement for ROCCUFFIRNA FR5–FR9 pocket–ligand pattern recognition. The composite figure summarizes a config-

driven pipeline that compares a collection of protein pockets { ௜ܲ}௜=1ே  against a fixed ROCCUFFIRNA ligand panel ℒ ,5ܴܨ}= ,6ܴܨ ,7ܴܨ  by mapping pocket and ligand point-cloud descriptors into positive semidefinite (PSD) operators and {9ܴܨ,8ܴܨ



evaluating their overlap. Protein structures ௜ܵ are ingested and converted into pocket regions ௜ܲ, from which pocket point sets ܺ ௜ ௡=1௡೔{௜,௡ݔ}= ⊂ ℝ3 are sampled; ligands are parsed into ligand point sets ௝ܻ = ௠=1௠ೕ{௝,௠ݕ} ⊂ ℝ3 for each ܮ௝ ∈ ℒ. Multi-channel 

physicochemical features ߶௉(ݔ) ∈ ℝௗು and ߶௅(ݕ) ∈ ℝௗಽ are stabilized by robust channel normalization and Avogadro conditioning 

prior to series expansion, using channelwise median/MAD normalization ݖ௞ = ( ௞݂ −݉݁݀݅ܽ݊( ௞݂))/(ܣܯ𝐷( ௞݂) +  followed by a (ߝ

deterministic magnitude conditioner anchored at Avogadro’s constant ஺ܰ = 6.02214076 × 1023 applied stably in log-space as (ߙ)ݏ ⁡݃݋݈ߙ−)⁡݌ݔ݁= ஺ܰ) so that ݂̃ = ݂̂ bounded inputs for polynomial bases are then enforced by ;(ߙ)ݏ ݖ = (݂̃)⁡ℎ݊ܽݐ ∈ (−1,1). Pocket 

features are lifted by an order- ௖ܰChebyshev embedding defined by the recurrence 0ܶ(ݑ) = (ݑ)1ܶ ,1 = (ݑ)௡ܶ+1 ,ݑ = ݑ2 ௡ܶ(ݑ) −௡ܶ−1(ݑ), yielding (ݑ)்ߔ = [ ,(ݑ)0ܶ … , ேܶ೎(ݑ)]⊤, while ligand features are lifted by truncated regularized hypergeometric channels 

with 11ܨ(ெℎ)(ܽ; ܾ; (ݐ =∑ (௔)೙(௕)೙ெℎ௡=0 ௧೙௡! and (optionally damped) ߮௔,௕(ݐ) = ݁−ఒ௧2   ;ܽ)1ܨ1̃ ܾ; ;ܽ)1ܨwhere 1̃ ,(ݐ ܾ; (ݐ = ;ܽ)1ܨ1 ܾ; ܼ Expanded feature matrices .(ܾ)߁/(ݐ ∈ ℝ௡×஽ are mapped to PSD “operator” representations via the covariance construction ߩ =(1/݊) ܼ⊤ܼ ⪰ 0, with optional trace-preserving shrinkage ߩఛ = (1 − ߩ(߬ +  to control conditioning. Pocket–ligand ܫ (𝐷/(ߩ)ݎܶ) ߬

similarity is computed by the trace-overlap kernel ܭ( ௜ܲ, (௝ܮ = )ܭ̄ and its normalized form (௅ೕߩ௉೔ߩ)ݎܶ ௜ܲ, (௝ܮ = ௉೔2ߩ)ݎܶ√)/(௅ೕߩ௉೔ߩ)ݎܶ ௅ೕ2ߩ)ݎܶ( ) + ܰ example) ܭ̄ visualized as a normalized trace-overlap matrix ,(ߝ × 5) together with the empirical distribution of 

kernel values ߢ over all pocket–ligand pairs. The right-hand topology panel depicts the induced affinity graph obtained by thresholding 

or sparsifying ̄ܭ, which also supports an optional post-kernel margin enhancer that blends teleportation mixing with a quantum-walk 

propagator: a bipartite weight matrix ܹ = [ 0 ⊤ܭ̄ܭ̄ 0] is degree-normalized as ܣ = 𝐷−1/2ܹ𝐷−1/2 and teleported via ܣఊ = (1 − ܣ(ߛ ߛ+ 1ே+5૚૚⊤; an Avogadro-scaled Laplacian ̃ܮ = ܫ)(ߙ)ݏ − ܷ ఊ) defines the walk operatorܣ =  whose pocket-initialized ,(ܮ̃ݐ݅−)⁡݌ݔ݁

amplitudes yield ligand-side probabilities ܹܳ݁ݎ݋ܿݏthat are row-normalized and blended to form ܭ௙௜௡௔௟ = (1 − ܭ̄(ߣ ‐The ligand panel used throughout is FR5 (Traditional Name: 6‐{[(2S)‐2‐[4‐(3‐{2‐[(1R,2R,3R)‐3‐amino‐1 .(݁ݎ݋ܿݏܹܳ)݉ݎ݋ܰݓ݋ܴ ߣ+

(methoxymethoxy)aziridin‐1‐ium‐2‐yl]ethyl}‐4‐hydroxybenzoyl)piperazin‐1‐yl]‐4‐oxoazetidin‐2‐yl]methyl}‐3‐phosphaspiro[2.5]octan‐

3‐uide), FR6 (Preferred IUPAC Name: [(3R)‐3‐[(1R)‐1‐{(1S,2R,3R,4R)‐2‐ethyl‐3‐hydroxy‐1‐azabicyclo[2.1.0]pentan‐3‐

ylamino}ethyl]‐4‐(4‐methoxy‐1H‐indol‐2‐yl)‐4‐oxobutoxy]methanesulfonic acid), FR7 (Preferred IUPAC Name: 2‐{2‐[(1R,2R,3R)‐3‐

amino‐1‐(methoxymethoxy)aziridin‐2‐yl]ethyl}‐4‐{4‐[(2S)‐4‐oxo‐2‐({3λ⁵‐phosphaspiro[2.5]octan‐6‐yl}methyl)azetidin‐2‐

yl]piperazine‐1‐carbonyl}phenyl {[(4R)‐4‐{(1S,2R,3R,4R)‐2‐ethyl‐3‐hydroxy‐1‐azabicyclo[2.1.0]pentan‐3‐

ylamino}pentyl]oxy}methanesulfonate), FR8 (Preferred IUPAC Name: (2S)‐3‐[(3R,5S)‐5‐[(7‐chloroquinolin‐4‐yl)amino]‐2‐

oxopyrrolidin‐3‐yl]‐2‐{3‐[(2E,4E)‐5‐[(2S)‐2‐[(3S,5R,6R)‐6‐({[(1S,7R)‐7‐[(1R,5S)‐6,6‐difluoro‐3‐azabicyclo[3.1.0]hexan‐3‐yl]‐8‐

phosphabicyclo[5.2.0]nonan‐1‐yl]methyl}amino)‐3‐methyl‐4,4,7‐trioxo‐4λ⁶‐thia‐1‐azabicyclo 

2.3 Docking oracle, baselines, and metrics. 

In the present framework, docking serves as the evaluation oracle rather than the object of direct physical 

interpretation. This choice is consistent with common virtual-screening practice, in which classical docking 

engines are used to generate comparative rankings, candidate poses, and score-based prioritization under a 

fixed protocol rather than definitive thermodynamic observables [1]–[4], [52]–[55]. Accordingly, the 

protocol adopts established docking engines—most notably AutoDock Vina, AutoDock4, and Glide—as 

reference scoring environments [52]–[54], while recognizing the well-documented limitations of docking 

and scoring functions with respect to calibration, transferability, and reproducibility across setups [1]–[4]. 

When energy-component reporting is desired in a standardized workflow, DockThor-VS provides an 

additional platform-level option [55]. The practical consequence is that the protocol fixes an oracle and logs 

all settings, so that downstream comparisons remain reproducible, interpretable, and comparable across 

ligand families and pocket definitions (Figs. 2 and 4) [1]–[4], [50], [52]–[55]. 



2.3.1 Docking oracle definition 

Formally, for a target pocket ܲ and ligand conformer ߯, docking is defined as returning both a score and a 

pose, that is, 

(𝐷(ܲ, ߯), pose(ܲ, ߯)) = Dock(ܲ, ߯; Ω), 
 

where Ω denotes the full docking configuration, including the grid or cavity definition, search 

exhaustiveness, scoring options, and receptor-flexibility assumptions [1]–[4], [52]–[55]. In other words, the 

docking result is not a free-standing number; it is always indexed by a specific protocol state Ω. This 

dependence is central, because many apparent ranking differences in docking arise not only from ligand 

chemistry but also from changes in cavity placement, search parameters, or scoring formulations [1]–[4]. 

For a ligand ܮ represented by a conformer ensemble Conf(ܮ), the default ligand-level docking score is taken 

as the best conformer score, 

𝐷(ܲ, (ܮ = min⁡ఞ∈Conf(௅)𝐷(ܲ, ߯), 
 

so that the ligand is evaluated under the most favorable docked realization observed within the conformer 

set. This best-conformer rule is useful when docking is interpreted as an oracle for rank-based screening, 

because it preserves the strongest candidate-specific evidence available under the fixed protocol (Fig. 4) 

[52]–[55]. At the same time, such a minimum can be sensitive to outlier conformers or unusually favorable 

isolated poses. For that reason, a more robust aggregate can also be reported, such as the conformer-median 

score 

𝐷med(ܲ, (ܮ = medianఞ∈Conf(௅)𝐷(ܲ, ߯), 
 

or, by extension, a trimmed mean when one wishes to reduce dependence on extreme values [1]–[4], [51]–

[55]. This distinction is important because it separates the best-case docking readout from the central 

tendency of conformer behavior, both of which may be informative in different settings. 

When the docking platform exposes score components, the ligand-level result can be decomposed beyond a 

single scalar. In that case, 

𝐷(ܲ, (ܮ ↦ ,ܲ)vdWܧ) ,ܲ)elecܧ ,(ܮ ,ܲ)totܧ ,(ܮ  ,((ܮ
 



so that van der Waals, electrostatic, and total terms can be inspected jointly rather than collapsing all 

interpretation into a single affinity-like value [55]. This component-wise reporting is particularly useful in 

the present manuscript because the pattern-recognition framework is designed to compare not only rank 

positions but also the internal structure of the energetic readout, as reflected in the cross-consistency analyses 

summarized in Figs. 1–4 [1]–[4], [14], [23]–[26], [55]. 

2.3.2 Baselines 

To evaluate whether the proposed gains arise specifically from special-function feature maps and operator-

overlap kernels, rather than from generic modeling capacity alone, the framework compares against three 

baseline classes: a fingerprint similarity baseline, a graph-embedding baseline, and a geometry-only 

baseline [17], [18], [20], [21], [31], [32]. 

The fingerprint baseline uses similarity to known actives or reference antivirals as a scoring rule. If ܴ denotes 

a reference set, then the baseline score is defined as 

fܵp(ܲ, (ܮ = max⁡௥∈ோ Simtan(ܮ,  ,(ݎ
 

that is, the maximum Tanimoto similarity between the candidate ligand and the reference molecules [17], 

[18]. This baseline deliberately ignores explicit pocket-aware learned structure and instead tests whether 

simple chemical-neighborhood proximity is sufficient to recover the observed ranking trends. It is therefore 

a strong sanity check, especially in settings where candidates may cluster closely around known antiviral 

chemotypes. 

The graph-based baseline uses learned ligand and optionally pocket embeddings. If ݃(ܮ) is a learned ligand 

embedding and ℎ(ܲ) an optional pocket embedding, then the graph baseline may be written either as an 

inner-product score, 

ܵgnn(ܲ, (ܮ = ⟨ℎ(ܲ),  ,⟨(ܮ)݃
 

or as a nonlinear fusion score, 

ܵgnn(ܲ, (ܮ = MLP([ ℎ(ܲ)  ∥  ,([ (ܮ)݃ 
 



where [  ⋅∥⋅  ] denotes concatenation [20], [21]. This family tests whether the proposed method improves over 

modern message-passing or graph-convolutional models through better stability and interpretability, rather 

than merely through access to richer nonlinear function classes. 

The third baseline is geometry-only and excludes the special-function lifts altogether. In that setting, 

ܵgeom(ܲ, (ܮ = ,ܲ)Φgeom⊤ߚ  ,(ܮ
 

where Φgeom(ܲ,  is a learned weight ߚ contains conventional pocket–ligand geometric descriptors and (ܮ

vector. This baseline isolates the value added by the Chebyshev/hypergeometric expansion and PSD overlap 

machinery by asking whether ordinary geometric summaries alone are sufficient to recover comparable 

ranking performance [31], [32]. Together, these baselines provide a principled way to test whether the 

observed performance gains derive from the specific numerical conditioning and operator-kernel design 

advanced in this manuscript, rather than from generic representation capacity [20], [21], [23]–[26], [31], [32]. 

2.3.3 Metrics 

Because docking-oriented pattern recognition is fundamentally a ranking problem, the primary evaluation 

metrics are chosen to reflect rank agreement, enrichment, structural validity, and diversity rather than direct 

regression error against absolute score values [1]–[4], [27]–[29]. 

The first metric is Spearman rank correlation between the learned score ܵఏ  and the docking oracle. For a 

pocket ܲ, this is computed as 

(ܲ)ௌߩ = 1 − 6∑ (௡௜=1 ௜ݎ − ௜)2݊(݊2ݎ̂ − 1) , 
 

where ݎ௜ is the rank induced by the docking score 𝐷(ܲ,  ௜ is the rank induced by the learnedݎ̂ ௜) andܮ

score ܵఏ(ܲ,  ௜). This metric evaluates whether the learned scoring function preserves the relative order thatܮ

the docking oracle assigns to ligands, which is the primary objective in rank-oriented virtual screening [1]–

[4]. 

The second metric is top-݇ enrichment factor. Let ܣ denote the set of “actives” defined either by a docking 

threshold or by the top ߙ fraction of docked ligands, and let Top௞(ܵ) denote the top ݇ ligands under the 

learned score. Then 



௞ܨܧ = ∣ ܣ ∩ Top௞(ܵ) ∣/݇∣ ܣ ∣/݊ . 
 

This metric measures how strongly the model enriches highly ranked candidates relative to random 

expectation and is especially relevant when only a small subset of candidates can be advanced experimentally 

[27]–[29]. 

A third ranking metric is normalized discounted cumulative gain, which captures not only whether relevant 

candidates appear near the top of the ranking, but also how early they appear. The discounted cumulative 

gain at depth ݇ is 

𝐷ܩܥ@݇ =∑ 2rel೔ − 1log⁡2(݅ + 1)௞
௜=1 , 

 

where rel௜ is a relevance label, for example derived from docking-score quantiles. Normalization by the ideal 

ranking yields 

݊𝐷ܩܥ@݇ = 𝐷ܫ݇@ܩܥ𝐷ܩܥ@݇ . 
 

This is useful when relevance is graded rather than binary, and when one wants to reward correct 

prioritization more strongly near the top of the list. 

Since the method includes a constrained generator, validity must also be reported. If ܥ(ܮ௡) is the Boolean 

validity test for the ݊-th generated ligand, then the validity rate is 

ValidRate = 1ܰ ∑૚{ܥ(ே
௡=1 (௡ܮ = true}. 

 

This metric measures the proportion of generated ligands that satisfy the syntactic and chemical constraints 

enforced by the generation grammar [6]–[8], [40]–[49]. 

Finally, because a generator that scores well but collapses to near-duplicates is of limited practical 

use, diversity is reported through the average pairwise fingerprint-space distance: 



Div = 2ܰ(ܰ − 1)∑(1 −௜<௝ Simtan(ܮ௜ ,  .((௝ܮ
 

This quantity increases as pairwise Tanimoto similarity decreases, thereby rewarding chemically diverse 

outputs [17], [18]. In the present setting, this is particularly important because diversity acts as a safeguard 

against beam collapse and overconcentration around a single local chemotype. 

When broader benchmarking is needed, curated external resources can be used as additional checks. In 

particular, PDBbind supports complex-based benchmarking, while DUD-E supports decoy-based enrichment 

protocols [27]–[29]. These resources are valuable because they reduce the risk that apparent gains arise from 

a single narrow target selection or from dataset-specific idiosyncrasies rather than from genuinely improved 

rank discrimination [27]–[29]. 

2.3.4 Protocol logging 

A central requirement of this framework is that every run be logged at a level of detail sufficient for exact 

reconstruction. This includes, first, target provenance and pocket definition, including the originating 

structure, preprocessing choices, and cavity-detection settings [9]–[13], [50]. Second, it includes the ligand 

preparation pipeline, such as RDKit-based conformer generation, version-specific details, and MMFF94 

minimization settings [19], [51]. Third, it includes the docking engine and full configuration Ω, including 

engine version, box placement, exhaustiveness, flexibility assumptions, and score-output settings, whether 

in AutoDock Vina, AutoDock4, Glide, or DockThor-VS [52]–[55]. 

The logging requirements extend further to the learned representation itself. Feature-map hyperparameters—

such as expansion orders, truncation choices, damping terms, and scaling exponents ߙ—must be retained 

because they materially affect numerical conditioning and feature behavior [30]–[36]. Kernel settings—

including shrinkage ߬, normalization schemes, and any multi-kernel fusion weights—must likewise be 

recorded, since they determine the behavior of the PSD overlap summaries visualized in Figs. 1 and 2 [23]–

[26]. Finally, generator settings—including grammar rules, beam width ܤ, diversity penalty ߟ, and heuristic 

weight ߛ—must be logged because they directly shape the explored chemical space and influence whether 

the reported ranking outcomes are reproducible [6]–[8], [17], [18], [40]–[49]. 

This degree of protocol specificity is not stylistic overhead. Rather, it is a methodological necessity imposed 

by the known sensitivity of docking-based conclusions to preparation, pocketing, and scoring choices [1]–

[4], [52]–[55]. In the context of the present manuscript, protocol logging is therefore part of the evidentiary 

standard: it is what allows the results in Figs. 1–4 to be interpreted as reproducible outputs of a well-specified 

computational pipeline rather than as isolated, nonreconstructable docking events. 



 

3. Results 

3.1 Results interpreted as reproducible docking patterns rather than isolated top poses 

The results are reported as reproducible patterns across ligand families under a unified, configuration-

driven protocol rather than as isolated best-case poses, so that the conclusions reflect stable behavior across 

variants, pockets, and scoring contexts (Fig. 2) [1]–[4], [52]–[55]. This reporting strategy is consistent with 

established best practice in docking and virtual screening, where comparative ranking, internal consistency, 

and protocol transparency are generally more informative than any single score taken in isolation [1]–[4]. 

Within that framework, three classes of outcomes are emphasized here: consistent favorable affinity 

patterns, explicitly identified anomalies, and pocket-dependent reversals. Together, these categories 

provide a more robust basis for interpretation than a simple list of top-scoring poses. 

3.2 Cross-consistent favorable affinity patterns supported by energy decomposition and PSD overlap 

structure 

First, the pipeline is designed to identify ligand families that show favorable docking signals together with 

coherent internal structure in their energy components and representation-level summaries. In practical terms, 

a ligand family is treated as robust when improved docking affinity is accompanied by interpretable trends 

in van der Waals, electrostatic, and total energy terms, and when these trends agree with the representation-

level behavior captured by the Avogadro-conditioned PSD overlap kernel and its induced topology (Figs. 

1C–F and 2) [1]–[4], [23]–[26], [30], [52]–[55]. This cross-consistency matters because docking scores are 

known to depend on pocket definition, search settings, receptor treatment, and scoring-function assumptions 

[1]–[4], [52]–[55]. By pairing pocket–ligand docking readouts with operator-overlap similarity summaries, 

the present framework provides an internal validity check: favorable ranks should not appear only in affinity 

tables, but should also manifest as dominant similarity mass in the normalized overlap matrix (Fig. 1C), 

stable empirical separation in the kernel-value distribution (Fig. 1D), and coherent connectivity or flow in 

the kernel-derived topology (Fig. 1E–F). In this respect, the normalized overlap and topology views are not 

decorative visualizations; they are part of the evidentiary structure of the results. The use of PSD operators 

and trace-overlap comparison follows standard principles of positive semidefinite matrix structure and 

kernel-based similarity modeling [23]–[26], while the stability of the feature carriers is supported by 

bounded-domain Chebyshev embeddings and controlled approximation behavior [31], [32] together with 

special-function expansions that add nonlinear expressive capacity [33]–[36]. The end-to-end effect is that a 

favorable result is treated as most credible when docking score, energy decomposition, and overlap-based 

representation agree across the same ligand family and pocket context (Figs. 1 and 2). 

3.3 Anomalies treated as diagnostic signals of scoring, conditioning, or topology instability 



Second, the reporting framework explicitly treats anomalies as diagnostic outputs rather than smoothing 

them away. A representative warning sign is an affinity-negative but total-energy-positive regime, or any 

similarly contradictory component pattern, because such cases often indicate scoring/export inconsistency, 

protocol mismatch, unstable conditioning, or an overinterpreted pose-dependent artifact [1]–[4], [14], [52], 

[54], [55]. The docking literature has long emphasized that scores are not universal physical observables and 

that different scoring functions can disagree substantially across setups [1]–[4], [52]–[55]. For that reason, 

contradictions in the component structure are not merely inconvenient exceptions; they are informative 

failure signals that should be logged, inspected, and, where necessary, rescored. In the present stack, these 

anomalies would be expected to appear as distortions in the empirical distribution of kernel values—for 

example, saturation, collapse, or insufficient discriminative spread in Fig. 1D—or as unrealistic changes in 

the induced topology, such as excessive density or fragmentation after thresholding in Fig. 1E, or 

overconcentration of row-normalized transition mass in Fig. 1F. The deterministic Avogadro conditioning 

introduced here is intended specifically to reduce such numerical pathologies by stabilizing input magnitudes 

before expansion, as reflected in the Avogadro-conditioned overlap summaries in Fig. 1C and the full pipeline 

view in Fig. 2 [30]. Importantly, this conditioning should be interpreted as a fixed-reference scaling device 

rather than as a literal physical-count model. Thus, anomalous outcomes are not excluded from the results 

narrative; instead, they are incorporated as evidence about where the pipeline may be under strain and where 

interpretive caution is required. 

3.4 Pocket-dependent rank reversals and topology-aware interpretation of cavity-specific ligand 

preference 

Third, the protocol places special emphasis on pocket-dependent reversals, namely cases in which a 

ligand’s rank changes substantially across different cavity definitions. Such reversals are expected in realistic 

structure-based screening because different pockets privilege different geometric and physicochemical 

complementarities, and because cavity detection and docking box placement materially affect the induced 

ranking [1]–[4], [50], [52]–[55]. Within the present framework, these effects are summarized directly by the 

heterogeneous pocket–ligand compatibility structure visible in the normalized overlap matrix (Fig. 1C) and 

by the sparsified “teleport-topology” graph that makes pocket-specific ligand preference explicit (Fig. 1E). 

The end-to-end pipeline view in Fig. 2 formalizes this interpretation as a consistent mapping from pocket 

and ligand point-cloud descriptors into PSD operators, followed by overlap-based comparison and optional 

topology-aware margin enhancement. In this setting, a rank reversal is not treated automatically as noise or 

instability; rather, it can reflect a meaningful shift in the interaction mode favored by a given cavity. The 

“teleportation/quantum-walk” terminology used to describe the topology-enhanced view should therefore be 

understood strictly as an algorithmic analogy grounded in formal constructs from quantum information [37], 

not as a biological claim [38], [39]. This framing is important because it allows the topology to be interpreted 

as a reproducible organizational summary of pocket–ligand relations rather than as an assertion about 

physical quantum effects in the biological system (Figs. 1E and 2) [37]–[39]. 



3.5 Reporting artifacts for traceable, stable, and auditable docking-oriented prioritization 

These considerations motivate a specific set of reporting artifacts that follow directly from the objectives of 

the framework and from established docking practice [1]–[4], [52]–[55]. First, per-target tables should list 

the top candidates by ܵఏ  (or the final blended score), together with docking affinity, van der 

Waals/electrostatic/total components, pocket identifier (e.g., C1–C5), and pose IDs, so that every ranked 

entry is traceable to a specific docking instance and cavity definition (Fig. 2). Second, baseline comparisons 

and enrichment summaries should quantify how often each ligand family appears among the top ranks across 

pockets and targets, mirroring the kernel-induced dominance patterns that are visible in the thresholded 

topology and transition probabilities (Fig. 1E–F) and aligning with the broader virtual-screening emphasis 

on comparative ranking rather than single-score absolutism [1]–[4], [27]–[29], [52]–[55]. Third, stability 

plots should be reported for coefficient magnitudes or operator statistics such as trace norms versus truncation 

order in the Chebyshev and hypergeometric branches, so that discriminative separation can be shown not to 

be a truncation artifact and kernel saturation or collapse can be diagnosed directly (Fig. 1D and Fig. 2) [31]–

[36]. Taken together, these artifacts make the results section not just a list of favorable scores, but a structured 

account of when and why the proposed docking-oriented pattern-recognition stack yields stable, 

interpretable, and auditable prioritization outcomes. 



 
Figure 3. Quantum-Walk + Avogadro-Teleport docking pattern recognition for cav6lu7_02 (ROCCUFFIRNA variants FR5–FR9 vs. 

Remdesivir). Panel A shows the five ROCCUFFIRNA conformer/pose renderings (FR5–FR9) arranged for side-by-side visual 

comparison under the same pocket definition. Panels B–F summarize how the proposed “Scale→Expand→Aggregate→Compare” 

stack can be read as a transport-plus-handoff computation: a coined discrete-time quantum walk schedules coherent exploration of 



admissible pocket–ligand neighborhoods according to ∣ ߰௧+1⟩ = ܷ ∣ ߰௧⟩, with ܷ = ܥ)ܵ ⊗ ܥ and the coin (ܫ =  acting (Hadamard) ܪ

on a control register, while an explicit teleportation handoff relocates an embedded “payload” state by the standard feed-forward 

correction ∣ ߶௢௨௧⟩ = ܺ௠2ܼ௠1 ∣ ߶⟩ (݉1,݉2 ∈ {0,1}), thereby separating coherent routing (walk) from state relocation (teleport). In the 

Avogadro-conditioned feature stage, interaction channels are deterministically stabilized (conditioning, not a physical count claim) 

by ̃ݑ = )/ݑ ஺ܰఈ + ݑ̂ bounded for stable polynomial carriers by ,(ߝ = (ݑ̂)்ߔ then expanded via Chebyshev embedding ,(ݑ̃)⁡ℎ݊ܽݐ =[ …,(ݑ̂)0ܶ , ேܶ(̂ݑ)]⊤ and regularized hypergeometric channels ߔு(̃ݑ) = ݁−ఒ௨̃2   ;ܽ)1̃ܨ1 ܾ;  pooled pocket–ligand ensembles are ;(ݑ̃

summarized as PSD operators ߩ௉ , ௅ߩ ⪰ 0 whose entanglement-inspired overlap defines a normalized kernel ̄ܭ(ܲ, (ܮ = (௅2ߩ)ݎܶ√(௉2ߩ)ݎܶ√)/(௅ߩ௉ߩ)ݎܶ + ߳), used here as the weight source for topology construction and downstream ranking. B reports the mean residue-

resolved interaction signatures on the top-varying residues (e.g., THR190, ALA191, GLN192, ARG188, MET165, PRO168, GLU166, 

ALA193), with the overall entry distribution being predominantly stabilizing/negative (median ≈ −3.44, mean ≈ −3.32, minimum ≈−14.89) and a sparse positive tail (maximum ≈ +24.90); Remdesivir contributes the largest positive entries at THR190 (≈ +24.90) 

and ALA191 (≈ +19.13), whereas FR9 shows consistently negative contributions across several key residues (e.g., THR190 ≈ −1.90, 

ALA191 ≈ −9.73, MET165 ≈ −5.06, and V-S(MET165) ≈ −12.19), consistent with a tighter, more uniformly favorable interaction 

pattern under this decomposition. Csummarizes mean docking energy (interaction-table “Energy” field) for each ligand: FR9 is most 

favorable (≈ −76.3), followed by FR7 (≈ −60.2), FR8 (≈ −59.9), FR6 (≈ −57.7), and FR5 (≈ −44.2), while Remdesivir is 

unfavorable in this export (≈ +23); across the provided exports, FR6 spans ≈ −70.7 to ≈ −57.7 and Remdesivir varies widely (≈−40.9 to ≈ +161), highlighting protocol/output-format sensitivity that motivates explicitly stabilized representations. D shows the 

empirical distribution of residue-interaction entries used for kernel/topology construction (negative-skewed with a small positive tail), 

aligning with the “oracle-scoreboard” view where patterns in component energies, not a single scalar alone, drive 

discrimination. E projects ligands into PCA space and applies ݇-means (݇ = 3) to visualize separable interaction phenotypes: 

Remdesivir is isolated (high PC2), FR7/FR9 cluster together (distinct PC1), and FR5/FR6/FR8 group separately, consistent with their 

intermediate docking energies. F renders the teleport-topology (bipartite ligand↔residue graph) derived directly from the residue-

interaction signatures (edge weights induced by ̄ܭ/thresholded interaction magnitudes), making the “handoff” interpretation explicit: 

variant nodes (FR5–FR9, Remdesivir) connect to the residues that dominate their pooled interaction operators, providing a compact, 

reproducible structure for comparing docking-conditioned patterns under the unified Quantum-Walk + Avogadro-Teleport kernel 

pipeline. 

 
Figure 4. Quantum-Walk + Avogadro-Teleport docking readout for ROCCUFFIRNA variants (FR5–FR9) benchmarked against 

Remdesivir and Nirmatrelvir in the SARS-CoV-2 Mpro target (6LU7) using the Cao Lab interface. Representative bound poses and 

the corresponding CurPocket ranking tables are shown for each ligand, with blind docking reporting five detected pockets (C1–C5) 



characterized by cavity volume (171–688 Å³), grid center, and docking box size. The panels show the Cao Lab docking/“CurPockets” 

outputs: the docked ligand pose (space-filling) inside the 6LU7 receptor (cartoon), alongside the automatically detected cavity set 

(CurPockets C1–C5) with their Vina score(kcal·mol⁻¹; more negative is more favorable), cavity volume (Å³), box center (x,y,z), 

and docking box size (Å). These cavity definitions are used as reproducible pocket selectors (Algorithm 1, Stage A) and as deterministic 

geometric anchors for downstream pocket point sampling and operator construction. 

Blind-docking pocket ranking (numerical values extracted from the tables shown): 

• FR8 (ROCCUFFIRNASSHYPERMEGACOREFR8.pdb): best pocket C3 = −10.3, volume 239 Å³, center (−37, 5, 58), 
box (35,35,35); next C1 = −10.0 (688 Å³; −24,1,56; 35³), then C4 = −9.1 (212 Å³; −34,16,54; 35³), C2 = −9.0 (548 Å³; 

−14,34,56; 35³), C5 = −8.7 (171 Å³; −6,21,73; 35³). 

• FR5 (…FR5.mol2): best pocket C2 = −7.5, volume 548 Å³, center (−14, 34, 56), box (25,25,25); next C1 = −7.3(688 Å³; 

−24,1,56; 25³), then C3 = −7.0 (239 Å³; −37,5,58; 25³), C4 = −7.0 (212 Å³; −34,16,54; 25³), C5 = −5.9(171 Å³; −6,21,73; 

25³). 

• FR6 (…FR6.pdb): best pocket C4 = −7.3, volume 212 Å³, center (−34, 16, 54), box (31,31,31); next C1 = −7.0(688 Å³; 

−24,1,56; 31³), C3 = −6.6 (239 Å³; −37,5,58; 31³), C2 = −6.4 (548 Å³; −14,34,56; 31³), C5 = −5.2 (171 Å³; −6,21,73; 31³). 

• FR7 (…FR7.pdb): best pockets C1 = −7.3 (688 Å³; −24,1,56; 31³) and C4 = −7.3 (239 Å³; −37,5,58; 31³) (tie); next C2 = 

−6.4 (548 Å³; −14,34,56; 31³), then C3 = −5.9 (265 Å³; −11,15,66; 31³) and C5 = −5.9 (212 Å³; −34,16,54; 31³). 

• Remdesivir (Remdesivir_COMPOUND_CID_121304016.sdf): best pocket C1 = −7.1 (688 Å³; −24,1,56; 25³), next C5 = 

−7.0 (212 Å³; −34,16,54; 25³), C2 = −6.6 (548 Å³; −14,34,56; 25³), C4 = −6.1 (239 Å³; −37,5,58; 25³), C3 = −5.8 (265 Å³; 

−11,15,66; 25³). 

• Nirmatrelvir (Nirmatrelvir_COMPOUND_CID_155903259.sdf), blind docking: best pocket C2 = −7.6 (548 Å³; 

−14,34,56; 22³), next C5 = −7.5 (212 Å³; −34,16,54; 22³), then C4 = −6.5 (239 Å³; −37,5,58; 22³), C1 = −6.3(688 Å³; 

−24,1,56; 22³), C3 = −6.3 (265 Å³; −11,15,66; 22³). 

Template-based docking (nirmatrelvir) summary (FitPocket panel): one detected FitPocket F1 scored 

against multiple templates, with the best FitDock score = 36.2 for template t2, followed by 101.5 (t5), 105.5 

(t3), 141.7 (t4), and 151.5 (t1). Template metadata reported include template protein/ligand, FP2, pocket 

identity (~0.96–1.00), and pocket RMSD (~0.30–0.50), providing an explicit reproducibility record for 

template choice and geometric consistency. The best Vina scores (kcal·mol⁻¹) were: FR8 at C3 = 

−10.3 (volume 239 Å³, center (−37, 5, 58), box 35×35×35), FR5 at C2 = −7.5 (volume 548 Å³, center (−14, 
34, 56), box 25×25×25), FR6 at C4 = −7.3 (volume 212 Å³, center (−34, 16, 54), box 31×31×31), FR7 at C1 

= −7.3 (volume 688 Å³, center (−24, 1, 56), box 31×31×31; tied with C4 = −7.3), Remdesivir at C1 = 

−7.1 (volume 688 Å³, center (−24, 1, 56), box 25×25×25), and Nirmatrelvir at C2 = −7.6(volume 548 Å³, 

center (−14, 34, 56), box 22×22×22). Relative to the reference antivirals, FR8 exhibits a stronger predicted 

affinity by Δ = −3.2 versus Remdesivir (−10.3 vs −7.1) and Δ = −2.7 versus Nirmatrelvir (−10.3 vs −7.6) 

under the same blind-docking protocol. Template-based docking for Nirmatrelvir (FitDock) is reported 

separately (different scoring scale) with the best template-match score 36.2 (template t2) followed by 101.5 

(t5), 105.5 (t3), 141.7 (t4), and 151.5 (t1), alongside template metadata (e.g., pocket identity ≈ 0.96–1.00 and 

pocket RMSD ≈ 0.30–0.50). Within the proposed docking-oriented pattern-recognition stack, raw interaction 

channels are deterministically conditioned by Avogadro scaling and robust normalization, ݖ௞ = ௞ݒ) −



௞ߪ)/(௞ߤ + ௞ݒ̃ ,(ߜ = )/௞ݖ ஺ܰఈೖ + ݑ̂ ௞), then boundedߝ = tanh⁡(̃ݑ) ∈ (−1,1) prior to Chebyshev 

embedding Φ்(̂ݑ) = [ ,(ݑ̂)0ܶ … , ேܶ(̂ݑ)]⊤ and regularized hypergeometric expansion Φு(ݐ) =[݁−ఒ௧2   ;1ܽ)1̃ܨ1 ܾ1; ,(ݐ … , ݁−ఒ௧2   ;௄ܽ)1̃ܨ1 ܾ௄;  Pocket–ligand compatibility is compared via an .⊤[(ݐ

entanglement-inspired PSD overlap kernel, ߩ௅ = ∑ ௠௠ݓ ߶௠߶௠⊤ ௉ߩ , = ∑ ௥௥ߟ ߰௥߰௥⊤, ܭ(ܲ, (ܮ = Tr(ߩ௉ߩ௅), 
optionally normalized ̄ܭ = Tr(ߩ௉ߩ௅)/√Tr(ߩ௉2)Tr(ߩ௅2) + ߳, while the “quantum-walk/teleport” mixing 

analogy is expressed as a discrete walk update ∣ ߰௧+1⟩ = ܷ ∣ ߰௧⟩(e.g., ܷ = ⁣ ܥ)ܵ ⊗  coupled to a ((ܫ⁣ 

teleport-style correction ∣ ߶out⟩ = ܺ௠2ܼ௠1 ∣ ߶raw⟩ to model topology-aware score propagation across 

pocket–ligand relations. Docking remains an oracle 𝐷(ܲ, (ܮ = min⁡ఞ∈Conf(௅)𝐷(ܲ, ߯); the reported tables and 

scores therefore operationalize the pipeline’s “Scale→Expand→Aggregate→Score→Compare” loop as a 

reproducible, rank-centric readout rather than a claim of clinical efficacy.  

Ablations should remove Avogadro scaling, remove Chebyshev channels, remove hypergeometric channels, 

and replace the operator kernel with dot-product similarity to isolate contributions. 

3.6 Numerical stability and conditioning 

Numerical stability is central to the present framework because the proposed feature maps rely on truncated 

expansions, bounded polynomial carriers, and pooled operator summaries, all of which can become 

unreliable if upstream magnitudes are poorly conditioned. In particular, Chebyshev representations are most 

stable when their inputs are restricted to the canonical interval (−1,1) or [−1,1], where recurrence evaluation 

remains well behaved and approximation properties are best controlled [31], [32]. In the present pipeline, 

this requirement is enforced explicitly through bounded preprocessing of the conditioned channels before 

polynomial lifting, as illustrated in the “tanh → Chebyshev” construction summarized in Figs. 1C–F, 2, and 

3 [30]–[32]. This bounded-domain design is important because it prevents uncontrolled coefficient growth 

and reduces the risk that polynomial truncation becomes numerically unstable or disproportionately sensitive 

to outlier-valued input channels [31], [32]. 

3.7 Layered numerical stabilization of hypergeometric feature channels, Avogadro conditioning, and 

PSD operator pooling 

The hypergeometric branch introduces a complementary but distinct numerical challenge. Unlike the 

Chebyshev basis, whose stability is tied primarily to bounded inputs and recurrence structure, regularized 

hypergeometric channels require careful treatment of parameter regimes, truncation order, and potential 

growth in the tails of the series [33]–[36]. For that reason, stable implementation typically depends on 

controlled truncation, damping, and, where necessary, log-domain or otherwise stabilized evaluation 

strategies in numerically delicate regions [33]–[36]. Within the present framework, these considerations 

motivate the use of truncated and optionally damped hypergeometric channels rather than unrestricted closed-



form evaluation, and they justify the emphasis on inspecting empirical spread and saturation behavior in the 

kernel-value distributions and overlap summaries shown in Figs. 1D, 2, and 3D [33]–[36]. 

The deterministic Avogadro-based conditioning term plays a preparatory role in this stabilization strategy. It 

is introduced not as a physical-count interpretation of ligand or pocket features, but as a fixed-reference 

magnitude normalizer that reduces sensitivity to extreme dynamic ranges before nonlinear expansion [30]. 

By anchoring the scale transformation to a standard physical constant and then combining it with robust 

preprocessing and bounded squashing, the pipeline attempts to ensure that subsequent Chebyshev and 

hypergeometric lifts operate in regimes where truncation error, overflow-like behavior, and disproportionate 

channel dominance are less likely to occur (Figs. 1C–F, 2, and 3) [30]–[36]. In this respect, conditioning is 

not an auxiliary convenience but a structural requirement of the representation. 

A further layer of numerical control is required after feature expansion, when pocket and ligand descriptors 

are pooled into positive semidefinite operator summaries. Because these summaries are built from outer-

product accumulations, they can become poorly conditioned in the presence of redundant fragments, 

concentrated weights, or norm inflation. For that reason, operator-level stabilization through normalization 

and shrinkage is appropriate: 

ߩ ← (1 − ߩ(߬ +  ,݀/ܫ߬
 

which preserves positive semidefiniteness while regularizing the spectrum of the operator [23]–[26]. In the 

present manuscript, the practical role of this stabilization is reflected in the normalized trace-overlap matrices, 

empirical overlap distributions, and topology summaries shown in Figs. 1C–F and 2, as well as in the 

residue-conditioned topology view in Fig. 3F [23]–[26]. Thus, numerical stability in this framework is 

achieved not by any single mechanism, but by a layered strategy combining bounded-domain feature 

preparation, stabilized special-function evaluation, deterministic magnitude conditioning, and PSD-

preserving operator regularization [23]–[26], [30]–[36]. 

4. Failure regimes 

4.1 Docking-oracle failure regime and the need for overlap- and topology-based consistency checks 

The principal failure regime remains the docking oracle itself. Docking scores can mis-rank ligands, are 

sensitive to preparation choices, and depend materially on cavity definition, conformer generation, receptor 

treatment, and scoring-function assumptions [1]–[4], [52]–[55]. Accordingly, a favorable score should never 

be interpreted in isolation. Even within a fixed protocol, apparent improvements may reflect search artifacts, 

export inconsistencies, or scoring idiosyncrasies rather than genuinely improved binding geometry. This is 

precisely why the present framework supplements scalar docking outputs with interaction-pattern summaries, 



operator-overlap diagnostics, and topology-based consistency checks (Figs. 1–4) [1]–[4], [23]–[26], [52]–

[55]. In practical terms, any candidate whose rank is not supported by coherent residue-level patterns or stable 

overlap structure should be treated cautiously. 

4.2 Numerical and representational failure modes revealed by overlap distributions, operator statistics, 

and topology distortions 

A second class of failure arises from numerical and representational pathologies in the feature maps 

themselves. Outlier detection should therefore target unstable feature norms, abnormal Tr(ߩ), unusually 

large or unusually collapsed overlap magnitudes ܭ(ܲ,  and contradictory energy-decomposition outputs ,(ܮ

that may indicate instability in the conditioning or pooling stages. These pathologies are not merely 

theoretical; in the present stack they would be expected to manifest as distortions in the empirical kernel-

value distributions, excessive densification or fragmentation of the thresholded topology, or concentration of 

transition mass in a small subset of pocket–ligand relations, as visualized in Figs. 1D–F, 2, and 3D–F [23]–

[26], [30]–[36]. Such cases should trigger pose inspection, rescoring, and review of preprocessing choices 

before any downstream interpretation is made [1]–[4], [14], [52]–[55]. 

4.3 Generator-collapse risks and target-side uncertainty as limits of docking-oriented prioritization 

A third failure mode concerns the generator. Even when chemical validity is enforced through constrained 

symbolic execution, generative search can still collapse toward low-diversity beams, repetitive motifs, or 

locally overexploited chemotypes [6]–[8], [40]–[49]. This risk is well known in molecular generation and is 

especially relevant when search is guided by a strong scoring signal. In the present framework, diversity 

penalties, fingerprint-aware comparisons, and stochasticity in candidate expansion are intended to mitigate 

this behavior, but they do not eliminate it entirely [17], [18], [20], [29], [42]–[49]. For that reason, generator 

outputs should be evaluated not only for validity and score, but also for diversity, redundancy, and 

susceptibility to collapse into narrow local optima. The topology and clustering views shown in Figs. 2 and 

3E–F are especially useful in this context because they can reveal whether nominally different candidates 

are, in practice, converging to overly similar interaction phenotypes. 

Finally, biological and target-side uncertainty remains an unavoidable limitation. SARS-CoV-2 targets are 

not static abstractions: structural variation, pocket drift, conformational heterogeneity, and target evolution 

can all alter the relevance of a docking-derived ranking [10]–[13], [50]. Even within a single structure such 

as 6LU7, different cavity definitions can produce different rankings, and across related viral variants the local 

shape and physicochemical environment of a binding region may shift sufficiently to alter apparent ligand 

preference [1]–[4], [9]–[13], [50]. Consequently, the present results should be interpreted as structure- and 

protocol-contingent computational hypotheses rather than universal statements about antiviral activity. This 

is why protocol logging, cavity provenance, and sensitivity analysis are indispensable in a study of this type, 



and why the framework’s strongest contribution lies in transparent prioritization rather than definitive 

pharmacological inference [1]–[4], [50], [52]–[55]. 

 

5. Discussion 

5.1 ROCCUFFIRNA docking advantage, residue-level interaction coherence, and predicted 

competitive displacement in SARS-CoV-2 Mpro 

The principal finding of this study is that the ROCCUFFIRNA series yields more favorable docking readouts 

than the reference antivirals under the same pocket-discovery and scoring workflow, and that this advantage 

is not reducible to a single scalar score but is accompanied by a coherent residue-level interaction phenotype 

captured by the proposed kernel pipeline (Figs. 3 and 4) [1]–[4], [12], [14], [23]–[26], [50], [52]–[55]. For 

the SARS-CoV-2 main protease target 6LU7 (Mpro), whose structural basis and inhibitor-binding relevance 

are well established [9], [12], [13], the ROCCUFFIRNA variants FR5–FR9 exhibit more negative predicted 

affinities than Remdesivir and, in the strongest case, also outperform Nirmatrelvir under the same blind-

docking setup and pocket-selection procedure (Fig. 4) [50], [52]–[55]. Most notably, FR8 achieves the best 

blind-docking pocket score (C3 = −10.3 kcal·mol⁻¹), exceeding Remdesivir (best pocket C1 = −7.1 

kcal·mol⁻¹) by Δ = −3.2 kcal·mol⁻¹ and Nirmatrelvir (best pocket C2 = −7.6 kcal·mol⁻¹) by Δ = −2.7 

kcal·mol⁻¹ within the same protocol and pocketing interface (Fig. 4). Because AutoDock Vina scores are 

widely used as a rapid proxy for interaction favorability, while remaining sensitive to protocol definition, 

cavity choice, and scoring-function assumptions, the consistent directional advantage of FR8 is most 

appropriately interpreted as rank-robust computational evidence of improved geometric and energetic 

complementarity within this workflow rather than as a definitive estimate of binding free energy [1]–[4], 

[14], [52], [54]. In the same restricted sense, the strong best-pocket performances of FR7, FR6, and FR5 

further support the conclusion that the ROCCUFFIRNA family contains multiple ligands with favorable 

pocket-conditioned complementarity in 6LU7 (Fig. 4) [50], [52]–[55]. 

This interpretation is strengthened when the analysis moves beyond a single scalar score and considers the 

distribution and localization of residue-resolved interaction contributions. As shown in Fig. 3B–F, the 

residue-interaction signatures indicate that Remdesivir is characterized by relatively large positive entries on 

selected residues, including THR190 and ALA191, whereas ROCCUFFIRNA variants—particularly FR9—

show more uniformly negative contributions across key residues such as THR190, ALA191, MET165, and 

related interaction terms. Under the exported decomposition used here, that pattern is consistent with a tighter 

and more uniformly stabilizing interaction phenotype (Fig. 3B–D). This distinction is important because 

docking outcomes can become fragile when interpretation is based primarily on a single total score; by 

contrast, a residue-level signature can serve as a richer interaction “fingerprint,” helping distinguish ligands 



whose apparent affinity is supported by distributed stabilizing contacts from those whose scores depend 

disproportionately on a narrower subset of compensating terms [1]–[4], [14], [17]–[19], [55]. From this 

perspective, the ROCCUFFIRNA series appears not only superior in scalar score, but also more favorable in 

terms of interaction organization, which is precisely the class of pattern the PSD operator-overlap kernel is 

intended to summarize (Figs. 1C–F, 2, and 3D–F) [23]–[26]. 

A second notable outcome is the co-occupancy and displacement behavior observed when ligands are 

considered simultaneously within the same binding domain. When ROCCUFFIRNA ligands are combined, 

and especially when FR8 is present, the docking poses indicate that FR8’s stereochemical presentation and 

pocket complementarity allow it to occupy the functional pocket volume in a manner that displaces 

Remdesivir from its preferred placement in 6LU7 (Fig. 4). This is qualitatively different from the simpler 

claim that “FR8 has a better score”: it suggests competitive exclusion at the pose level—namely, that FR8 is 

predicted not merely to bind favorably, but to do so in the same domain such that Remdesivir cannot retain 

its docked configuration under simultaneous placement. Put differently, FR8 behaves as a higher-priority 

geometric claimant of the pocket, forcing Remdesivir toward a less favorable or more peripheral arrangement 

when both ligands are introduced into the same binding region (Fig. 4). This displacement observation is 

consistent with the overall ranking advantage of FR8 in Fig. 4 and with the coherent interaction phenotype 

summarized in Fig. 3, but it should nevertheless be regarded as a computational hypothesis pending direct 

experimental validation, for example through competition-binding assays, enzymatic inhibition studies under 

mixture conditions, or structural methods capable of resolving shared-pocket occupancy [1]–[4], [12]–[14], 

[50], [52]–[55]. 

5.2 Methodological basis of the ROCCUFFIRNA framework: stabilized feature construction, PSD 

overlap comparison, and constrained target-aware generation 

Methodologically, these outcomes are supported by the study’s structured inductive biases, which are 

introduced not as decorative mathematics but as a deliberate attempt to render docking-derived patterns more 

stable, comparable, and auditable across variants and export formats. The Chebyshev basis provides a 

numerically stable carrier on bounded domains and is well suited for controlled approximation when features 

are explicitly compressed into (−1,1), as reflected in the “tanh → Chebyshev” pathway shown in Figs. 2 and 

3 [31], [32]. The hypergeometric-function channels add nonlinear expressive capacity while preserving a 

principled special-function expansion framework [33]–[36]. The deterministic “Avogadro scaling” term is 

used strictly as a conditioning device grounded in fixed-reference scaling rather than as a literal particle-

count claim, and its role in stabilizing feature magnitudes is reflected in the Avogadro-conditioned overlap 

and topology summaries shown in Figs. 1C–F, 2, and 3 [30]. Taken together, the “Scale → Expand → 

Aggregate → Compare” motif is not merely stylistic; it constitutes a concrete strategy for reducing sensitivity 

to well-known docking pitfalls in which raw energies and rankings vary with configuration, pocket definition, 

and scoring-function idiosyncrasies [1]–[4], [52]–[55]. 



The operator-overlap kernel provides a second layer of methodological support. By converting fragment and 

pose ensembles into positive semidefinite objects, the method enables overlaps that remain interpretable and 

stable under aggregation, in keeping with standard PSD kernel theory and matrix-analysis principles [23]–

[26]. In the present manuscript, that role is visualized directly in the normalized overlap matrices, empirical 

kernel-value distributions, and topology summaries of Figs. 1C–F and 2, as well as in the residue-conditioned 

topology view of Fig. 3F. The “entanglement-inspired” language should therefore be understood strictly as a 

design analogy to density-operator overlaps used in quantum information [37], not as a biological claim about 

literal quantum coherence in proteins, pharmacology, or antiviral action [38], [39]. This restrained 

interpretation is also consistent with broader cautionary discussions regarding quantum analogies in biology 

and medicine [38], [39]. In practical terms, the analogy serves one purpose only: it motivates a normalized 

overlap functional that can be traced, logged, and reproduced while remaining firmly grounded in 

conventional PSD-kernel mathematics [23]–[26], [37]. 

Finally, the ROCCUFFIRNA results are also consistent with current developments in molecular design, 

where fragment-inspired assembly and target-aware constrained generation can produce highly competitive 

candidates by exploring local chemical neighborhoods not occupied by legacy reference compounds [15], 

[42]–[49]. In the present case, the ROCCUFFIRNA generator is constrained, pocket-oriented, and docking-

guided, making it particularly well suited to a pocket-first ranking regime and to the target-conditioned 

exploration illustrated schematically in Fig. 2 and evaluated comparatively in Fig. 4 [15], [42]–[49]. At the 

same time, the limitations of docking-centered inference remain decisive. Because docking scores and 

scoring functions are imperfect surrogates for measured affinity, selectivity, and clinical efficacy, the 

interpretation of the present results must remain deliberately narrow [1]–[4], [14], [52]–[55]. The 

ROCCUFFIRNA variants, especially FR8 and FR9, are therefore best regarded as strong computational leads 

that (i) score better than Remdesivir and, in the leading case, Nirmatrelvir under the reported protocols (Fig. 

4), (ii) exhibit more uniformly stabilizing residue-level patterns (Fig. 3B–F), and (iii) can competitively 

displace Remdesivir in the same 6LU7 binding domain under simultaneous docking (Fig. 4)—an observation 

that is mechanistically suggestive but still requires experimental confirmation. 

6. Conclusion 

6.1 Docking-oriented pattern-recognition framework and resulting ROCCUFFIRNA ranking 

advantage in SARS-CoV-2 Mpro 

We presented a docking-oriented pattern-recognition framework that integrates three principal components: 

(i) deterministically conditioned special-function feature maps, including Avogadro-scaled normalization 

followed by Chebyshev embedding and regularized hypergeometric expansion [30]–[36]; (ii) a PSD 

operator-overlap kernel for aggregating and comparing pocket–ligand ensembles in an interpretable and 

mathematically controlled manner [23]–[26]; and (iii) a constrained fragment-assembly generator aligned 



with structure-based screening logic, fragment-inspired design, and modern target-aware molecular 

generation [15], [42]–[49]. Within this architecture, the “quantum-walk/teleport” terminology is used strictly 

as a computational metaphor for controlled exploration and topology-aware score propagation, as visualized 

in Figs. 2 and 3, and is grounded in formal analogies to quantum-information constructs rather than in any 

biological assertion [37]–[39]. 

Applied to the SARS-CoV-2 Mpro structure 6LU7 [9], [12], the framework yields a clear computational 

ranking signal: under the same blind-docking protocol and pocket definitions, the ROCCUFFIRNA variants 

produce more favorable docking scores than Remdesivir and, in the strongest case, also more favorable scores 

than Nirmatrelvir (Fig. 4) [50], [52]–[55]. Most notably, FR8 attains the best reported blind-docking score 

(−10.3 kcal·mol⁻¹), outperforming Remdesivir (−7.1 kcal·mol⁻¹) and Nirmatrelvir (−7.6 kcal·mol⁻¹) within 

the same workflow. This scalar advantage is complemented by the residue-resolved interaction readouts, 

which indicate that ROCCUFFIRNA variants—particularly FR9—display more uniformly stabilizing 

interaction signatures than Remdesivir in the exported decomposition (Fig. 3B–F). Taken together, these 

results support a consistent conclusion: under the proposed representation and docking protocol, the 

ROCCUFFIRNA series appears not merely better scoring, but better structured in its interaction pattern (Figs. 

1C–F, 2, and 3) [23]–[26], [30]–[36]. 

6.2 Provisional co-docking displacement hypothesis and prioritization-oriented interpretation of 

ROCCUFFIRNA leads 

The co-docking observations further suggest that, when ligands are considered simultaneously in the same 

6LU7 binding domain, FR8 may behave as a stronger geometric claimant of pocket occupancy and may 

displace Remdesivir from its preferred docked configuration (Fig. 4). This is a mechanistically interesting 

result because it links score advantage to a plausible spatial competition scenario rather than to a purely 

numerical ordering. However, that interpretation must remain provisional. Co-occupancy, competitive 

displacement, and inferred binding preference all depend on model assumptions, receptor treatment, and 

scoring-function behavior, and therefore require targeted experimental testing before any pharmacological 

inference is warranted [1]–[4], [12]–[14], [50], [52]–[55]. 

Accordingly, the primary contribution of this work is methodological and prioritization-oriented. By 

combining reproducible pocket selection, stabilized feature construction, constrained generation, and PSD 

overlap-based comparison, the proposed framework provides a transparent and auditable route for ranking 

candidate ligands against SARS-CoV-2 targets (Figs. 1–4) [23]–[26], [30]–[36], [50], [55]. On that basis, 

FR8 emerges as the leading candidate by best-pocket docking performance, whereas FR9 stands out by the 

uniformity of its residue-level interaction pattern. These compounds therefore merit follow-up biochemical, 

structural, and antiviral evaluation, but the present findings should be understood strictly as computational 

evidence for prioritization rather than as proof of efficacy [1]–[4], [14], [52]–[55]. 
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