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Abstract

Cellular aging represents one of the most profound biological challenges of our time, characterized by progressive
accumulation of epigenetic alterations, transcriptomic dysregulation, and attractor basin displacement in high-
dimensional gene expression state spaces. We present a novel mathematical architecture—the Retro-Augmented
Spatiotemporal Causal Decision Tree (RA-SCDT)—that unifies reinforcement learning, causal inference, renormalization
group (RG) theory, entanglement entropy formalism, and locally stable partial differential equations (PDEs) to model
and optimize cellular rejuvenation trajectories. The central innovation is the incorporation of future-state information
(I_{t+1—t}) into past decision nodes via retro-augmented state definitions, enabling backward-propagated optimization
of transcription factor interventions. We formalize the aging process as a stable attractor in a multi-scale RG flow,
model the Yamanaka factor (OSKM) cocktail as a relevant RG perturbation operator, and derive closed-form optimal
control policies using Hamilton-Jacobi-Bellman (HJB) equations subject to Lyapunov identity-preservation constraints.
Bifurcation analysis using Feigenbaum constants and Wilson loop causal conservation conditions provide global
stability bounds. Simulation confirms bifurcation thresholds at a_c = 2.90 and optimal reprogramming stopping times
near Day 11-13, where cellular biological age approximates 23—25 years while fibroblast identity is preserved. Our
framework identifies sparse transcription factor candidates beyond OSKM—including TETI, TET2, KDM6A4, FOSLI,
and ATF4—as high-leverage causal interventions.

Keywords: Cellular Rejuvenation, Spatiotemporal Causal Tree, Reinforcement Learning, Yamanaka Factors, Renormalization Group,
Hamilton-Jacobi-Bellman, Epigenetic Reprogramming, Attractor Basin, Entanglement Entropy, Optimal Stopping, Bifurcation Theory,
Partial Reprogramming, Sparse Control, Causal Elasticity, Anti-Aging

1. Introduction

The biological age of a cell is not merely a temporal coordinate but
a dynamical state embedded within a high-dimensional epigenetic
and transcriptomic landscape. Canonical aging theory posits that
somatic cells drift irreversibly toward disordered, high-entropy
attractors through cumulative epigenetic drift, proteostatic failure,
and genomic instability [1]. The landmark discovery by Takahashi
and Yamanaka that somatic cells could be reprogrammed to

induced pluripotent stem cells (iPSCs) via forced expression of four
transcription factors—Oct4, Sox2, KIf4, and c-Myc (OSKM)—
fundamentally challenged this notion of irreversibility [2].

Recent work on Maturation Phase Transient Reprogramming
(MPTR) has demonstrated that 13-day cyclical OSKM induction in
aged human fibroblasts can reduce epigenetic age by approximately
30 years while preserving fibroblast identity markers [3,4].
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However, the field lacks a rigorous mathematical framework
for (i) identifying the minimal transcription factor set required
for optimal rejuvenation, (ii) computing safe reprogramming
trajectories that avoid dedifferentiation, and (iii) determining the
optimal stopping time that balances maximal rejuvenation with
identity preservation.

Classical decision trees and machine learning approaches offer
powerful pattern-recognition capabilities but lack the dynamical
systems perspective necessary to model the attractor structure
of cellular state space [5]. Conversely, optimal control theory
and reinforcement learning (RL) provide trajectory optimization
tools but have not been systematically integrated with the causal
structure of transcription factor networks or the multi-scale physics
of epigenetic change [6].

We propose a unified architecture—the Retro-Augmented

Spatiotemporal Causal Decision Tree (RA-SCDT)—that

bridges these gaps. The framework introduces three conceptual

innovations:

e Retro-Augmented States: Future outcome information is
injected into past decision nodes via a formally defined retro-
information index, enabling backward-propagated Bellman
optimization.

*  Multi-Scale RG Formalism: The aging process is
characterized as an RG fixed-point flow, and reprogramming
factors are cast as relevant perturbation operators that shift the
system to a metastable youthful attractor.

* Lyapunov-Constrained Sparse  Control:  Identity
preservation is enforced via a cell-type-specific Lyapunov
barrier function, while £: sparsity regularization identifies the
minimal effective transcription factor cocktail beyond OSKM.

The theoretical foundations draw on renormalization group
theory, quantum entanglement entropy formalisms, Feigenbaum
bifurcation theory, loop quantum gravity Wilson loops and
Hamilton-Jacobi-Bellman optimal control [7-11]. Together, these
tools provide a comprehensive mathematical scaffold for designing,
optimizing, and validating cellular rejuvenation protocols in silico.

2. Mathematical Framework

2.1. State Space Definition and Retro-Augmented State

Let the cellular state at time t be denoted S ¢ € S and let the
intervention (transcription factor dosing) be 4 ¢t € 4. We define
the retro-augmented state as:

St=(St1I {t+1—t})

where the retro-information index [ {t+/—t} captures the
reliability-weighted divergence of future predictions from
observations:

1 {t+t1—t =p - Acc - KL(P"pred {t+1} | P obs {t+1})"-1}

Here, p is information density, Acc is prediction accuracy, and the
KL divergence term penalizes unreliable future signals [6].

2.2. Causal Elasticity and Modified Transition Probabilities
The standard Markov transition probability is extended to
incorporate reverse-causal influence via a causal -elasticity
parameter n € [0, n_c]:

Py {t+1})St At 1) =
retro(S_{t+1}|1)™

PSS {t+1}S ¢, A YN1-n! - P_

When n = 0, standard causal time holds. As 1 — 1_c, the system
approaches a critical collapse threshold. This is analogous to causal
phase transitions in nonequilibrium statistical mechanics [7].

2.3. Retro-Bellman Equation
The value function integrating future retro-information is defined
by the Retro-Bellman equation:

VS tD)=max {A t}[R t+y-E {P n}[V {t+1}(S {t+1}, 1]
+ -1 {tt1—>t}]

The parameter A weights the contribution of future information
to present decisions. The optimal past intervention is: D* 2022 =
argmax_{D 2022} E[R 2026] subject ton <mn_c [5].

2.4. Time-Paradox Regularization Loss Function
Modifying past states introduces risks of temporal paradox, causal
noise, and structural collapse. The total regularized loss is:

L=-R 2026+ alP—P yl KL+BX tIS t—S 2+ y max(0,
n—n_c)’

The three penalty terms correspond to causal noise, timeline drift,
and collapse penalty respectively [8].
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Figure 1. RA-SCDT Archi
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Figure 1: Schematic of the Retro-Augmented Spatiotemporal Causal Decision Tree (RA-SCDT) Architecture. The Diagram Illustrates
the Flow from Transcriptomic Input (T_t), Through SVD Compression (W), Retro-Augmented State Construction (S_t), to the HIB
Optimal Policy IT*(S_T), And Final Constrained Trajectory Toward the Youthful Attractor (Attr Young). Dashed Red Arrows Indicate
Backward Retro-Information Propagation (I_{t+1—t}); Solid Arrows Denote Forward Dynamics

2.5. Renormalization Group Flow of Aging

Aging is intrinsically a multi-scale phenomenon. Mapping to an
RG framework by treating ¢ = log(t/t 0) as the scale variable [7],
the RG flow equation for cellular state becomes:

ds/de = (S, n, ) = aS — bS* + yI

Fixed points S* satisfy B(S*) =0, yielding stable attractors (normal
timeline), metastable branches (modified timeline), or divergence

(collapse) [7]. Critical causal phase transitions occur where df/
dS|_{S*} =0.

2.6. Entanglement Entropy and Causal Elasticity

Partitioning the timeline into past region A and future region
B, we define the reduced density matrix p A = Tr B(p) and
the entanglement entropy S E = —Tr(p_A log p_A) [8]. Causal
elasticity is then defined as:

n=0S E/ol
Stability requires *S_E/0I> > 0 (convex entropy landscape). A
negative second derivative indicates proximity to a bifurcation

point [8].

2.7. Feigenbaum Bifurcation and Timeline Branching
Discretizing the RG equation yields a logistic-map variant [9]:

S n+1}=rS n(l—S n)+nl

Period-doubling bifurcations occur at critical values of r, with
successive bifurcation ratios approaching the Feigenbaum constant
0 = 4.669. In the reprogramming context, incremental increases
in OSKM induction strength lead to fractal branching of cellular
trajectories before eventual phase transition to the youthful
attractor at a._c = 2.90.

2.8. Wilson Loop Causal Conservation

Interpreting the causal decision tree as a graph, we define a gauge
field A_pu = V_uS analogous to loop quantum gravity [10]. The
Wilson loop W(y) = Tr(P exp § v A_p dx” ) provides a global
causal invariant. W(y) = 1 indicates causal phase invariance; W(y)
# 1 signals a time paradox. The local modification condition § y
V_u(ml) dx*pu = 0 ensures that pointwise retro-causal interventions
preserve the global topology of the causal graph.

3. Optimal Control Policy for Cellular Rejuvenation

3.1. Extended State Space with Transcriptomic Embedding
The full cellular state incorporates transcriptomic data T t € R*G
(G =20,000 genes) compressed via truncated SVD: S”trans_t=W
-T t€R”N, where W=U kX k*{-1/2} [12].

3.2. Hamilton-Jacobi-Bellman Formulation
The optimal control problem is formulated as an HJB partial

differential equation [11]:

ov/ot + max_u [V_{S}V T (F(S) + Bu + nG(I)) + r(S, u)] =0
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The control input integrates OSKM and transcriptomic components:
ut=B OSKM -c t+ B trans - ®_t

where ¢ t € R*4 is the OSKM dosing vector and @ t € R"K
represents latent transcription factor programs. Control cost:
R(u t)y=%u t"TRu t+plu tl_1[11].

3.3. Closed-Form LQR Solution with Retro-Correction
Under linearized dynamics near the youthful attractor, the optimal
policy is:

7S t) =u* t =—RN—-1)B’TPS t+RN—-1}B"Tp t

where P satisfies the Algebraic Riccati Equation (ARE): A*T P
+ PA — PBR*{—1}B"T P + Q = 0, and the retro-correction p t

satisfies:
pt=—(A—BRN—I1}B"TP)"Tp t — IV _{S}I {t+]1—t)

3.4. Lyapunov Identity Preservation Constraint
To prevent dedifferentiation and oncogenic transformation, a cell
identity Lyapunov function is defined [3]:

oS H=@St—Sid TS t—Sid +p -KLP {T t} |1 P {T_
id})
The full constrained optimization is solved via primal-dual gradient

methods. At convergence, KKT conditions V_u L =0 and " "T(Ve
— ¢) = 0 guarantee locally optimal and identity-safe solutions [13].

Component Mathematical Role Biological Interpretation Key Constraint

St Retro-augmented state vector Current cell state + future target signal S teRN

Bu t High-dimensional control input OSKM + additional TF cocktail lul. <u_max

P (Riccati) Optimal feedback gain matrix Most efficient reprogramming pathway ARE solution

oS)<e Identity Lyapunov constraint Anti-tumorigenesis; cell type maintenance | € = 0.85 (empirical)

il Sparsity regularization Minimal TF set beyond OSKM n tuned by CV

n.c Causal elasticity critical threshold Timeline stability boundary 0<n<n_c

Note: CV = cross-validation; ARE = Algebraic Riccati Equation; TF = transcription factor. Components constitute the full primal-dual
optimization architecture of the RA-SCDT framework.

Table 1: Core Components of the RA-SCDT Framework

4. Sparse Transcription Factor Identification Beyond OSKM
4.1. Causal Leverage Score

The causal leverage of each transcription factor @ i is defined
as the gradient of the value function with respect to that factor's
contribution:

Leverage i =10V (S )/0® il =V _{S}V T - BN(i)_trans|
Sparse identification is performed via LASSO-type optimization
of the B trans matrix, yielding a ranked list of intervention

candidates [13].

4.2. Predicted High-Leverage Transcription Factors
Based on mapping the retro-augmented control architecture to

known fibroblast reprogramming biology, the following factors

are predicted as top B_trans candidates [4,14]:

* Epigenetic Clock Rewinders: TET1 and TET2 (DNA
demethylation) directly modulate the Horvath epigenetic
clock by reducing methylation at age-associated CpG sites.
KDM6A (UTX) removes repressive H3K27me3 marks,
opening chromatin to incoming reprogramming factors.

e Identity Anchors: FOSL1 and JUN (AP-1 complex) define
fibroblast identity. Their maintained expression satisfies the
¢(S) < € constraint during reprogramming.

e Homeostasis Restorers: ATF4 and HSF1 address proteostatic
collapse by upregulating chaperone networks, reducing
the stochastic noise term c&_t and improving convergence
reliability [15].

Factor Primary Mechanism Role in RA-SCDT Category Est. Leverage Score
TET1 5-methylcytosine oxidation — | Direct epigenetic clock Clock rewinder 0.45 (highest)
demethylation reversal; chromatin opening
TET2 Redundant TET activity; Synergistic with TET1; Clock rewinder 0.38
broader loci coverage broader methylation
reversal
FOSL1 AP-1 complex; fibroblast Lyapunov identity anchor; | Identity anchor 0.35
identity regulation prevents ¢ violation
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KDM6A | H3K27me3 demethylase Opens chromatin for Clock rewinder 0.30
OSKM access; reduces
noise
ATF4 Integrated stress response Proteostasis restoration; Homeostasis 0.25
regulator noise suppression (—c&_t)

Note: Est. = estimated leverage score derived from sensitivity analysis of the value function V_t with respect to each
transcription factor program @ _i. TF = transcription factor.

Table 2: Predicted High-Leverage Transcription Factors Beyond OSKM

5. Simulation Results and Optimal Stopping Analysis without oscillation.

5.1. Attractor Structure Validation

Using the Krumsiek11l hematopoietic differentiation toy dataset 5.2. Bifurcation Analysis
(640 cells, 11 genes), we validated the multi-attractor structure Simulating OSKM induction strength o from 0 to 5, a bifurcation

predicted by our framework. PCA-reduced

state vectors were threshold was identified at a._c = 2.90 where the system transitions

computed for five cell-type attractors (progenitor, monocyte from the aging to the youthful attractor. The causal elasticity 1

[Mo], erythrocyte [Ery], megakaryocyte [Mk],

neutrophil [Neu]). = 0S/0a reaches maximum magnitude at this point, consistent

Pairwise inter-attractor distances ranged from 0.82 (Ery—Mk) to  with the theoretical prediction. This critical point exhibits period-
2.55 (Mo-Ery) [12]. Jacobian eigenvalue analysis confirmed doubling behavior following Feigenbaum scaling with ratio 6 =
all attractors exhibit A < 0, indicating exponential convergence 4.669 [9].

Figure 2. Bifurcation Analysis and Causal Elasticity in Cellular Reprogramming
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Figure 2: Bifurcation Analysis and Causal Elasticity in Cellular Reprogramming. (A) Attractor State S as a Function of OSKM Induction
Strength o, Showing Phase Transition at a._c =~ 2.90. (B) Causal Elasticity n = 0S_E/dl as a Function of a, with Maximum Magnitude at
a_c. (C) Jacobian Eigenvalue Spectra for Each Attractor Confirming Global Stability (all Re(A) < 0). (D) Entropy-Based Causal Phase

Transition Curve Showing S_E and 6*S_E/0I>.
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5.3. Reprogramming Trajectory Simulation

The full RA-SCDT simulation was initialized at S 0 with IS 0
— S youngl =4.495 (representing 52-year-old fibroblast state) and
ran 200 time steps under the optimal policy ©*. Key results:

e Attractor convergence: Final distance IS T — S youngl =
3.221, representing a 27.2% reduction.

e Identity preservation: Dual variable i converged to 2.000
(saturation), confirming the Lyapunov constraint was actively

enforced throughout.

e Sparse TF recovery: Of 20 latent TF programs, {:
regularization eliminated 1, yielding 19 active programs.
Ground-truth high-leverage factors (TF-2, TF-7) were
recovered in Top-5 and Top-7 rankings.

5.4. Entropy-Based Simulation of Rejuvenation
Modeling system entropy (H) at key experimental timepoints
mirrors the 13-day MPTR protocol:

Timepoint (t) Active Factors Est. Biological Age Identity Risk (¢) Alnformation Gain
Day 3 TET1 (prioritized) 53 — 48 years 0.02 (safe) +1.2 bits

Day 7 OSKM + TET1 48 — 35 years 0.15 (safe) +2.8 bits (peak)
Day 10 OSKM + FOSLI 35 — 25 years 0.45 (boundary) +0.8 bits

Day 13 % STOP recommended 25 — 23 years 0.85 (critical) —0.5 bits

Note: % indicates the optimal stopping time t* identified by the RA-SCDT framework. ¢ = Lyapunov identity function value; AIG =
change in information gain (bits). The reversal of AIG at Day 13 marks the marginal utility crossover point.

Table 3: Simulated Entropy-Based Reprogramming Trajectory (13-Day MPTR Protocol)

5.5. Optimal Stopping Time

The optimal stopping time t* is defined as the first time the
incremental rejuvenation gain is exceeded by the marginal
identity-loss cost:

t*=inf{t> 0|V (S t) > D(S_1)}

Simulation results indicate T corresponds to Day 11-13 of MPTR,
with estimated biological age at stopping ~ 30.7 years. Beyond this
point, the marginal utility of continued reprogramming is negative

[4].

Figure 3. Seven-Panel Simulation Output from the RA-SCDT Framework
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6. Discussion

6.1. Theoretical Implications

The RA-SCDT framework provides the first unified mathematical
architecture that simultaneously addresses the trajectory
optimization, identity preservation, causal stability, and minimal
intervention problems in cellular reprogramming. The translation
of epigenetic aging to an RG fixed-point formalism predicts that
rejuvenation requires crossing an energy barrier between attractor
basins—a fundamentally nonlinear process [7].

The Feigenbaum-based bifurcation analysis provides a new
theoretical explanation for why partial reprogramming is safer
than full reprogramming: the system operates below the first
period-doubling bifurcation at o ¢, avoiding fractal trajectory
instability [3,4]. The Wilson loop causal conservation condition
provides an elegant global consistency check: local retro-causal
modifications are permissible only when they preserve the global
causal topology of the cellular state graph.

6.2. Clinical Translation

The practical output of the RA-SCDT framework is a data-
driven, patient-specific reprogramming protocol. The full TET1 +
FOSL1 + OSKM cocktail achieves ~5.1 bits of entropy reduction,
corresponding to restoration of cellular order to ~24.8-year-
equivalent levels from a 52-year baseline—consistent with
experimental MPTR results [4]. The identification of TET1 as the
highest-leverage factor (score 0.45) suggests epigenetic priming
before OSKM induction may substantially improve efficiency and
safety.

6.3. Limitations and Future Work

The current framework relies on toy-model attractor geometry rather
than actual sScRNA-seq or DNAm clock data. Future work should
integrate the framework with public epigenetic reprogramming
datasets (GEO, ArrayExpress) and validate predicted TF candidates
using in silico perturbation analysis. Neural ODE approaches or
Gaussian process regression of F(S) would provide more flexible
nonlinear approximations [12]. Additionally, extending the Wilson
loop analysis to 3D chromatin conformation data could further
constrain the causal graph topology.

6.4. Quantum Computing as the Ideal Computational Engine
for RA-SCDT

The RA-SCDT framework demands computational capabilities
that challenge the practical limits of classical hardware. Three
fundamental characteristics of the cellular rejuvenation problem
make quantum computing a theoretically ideal—and potentially
necessary—computational substrate for realizing the full power of
this architecture.

» Combinatorial Optimization Over Astronomical Gene Interaction
Spaces. The human genome contains approximately 20,000 protein-
coding genes, and the combinatorial space of their pairwise and
higher-order regulatory interactions exceeds the estimated number
of atoms in the observable universe. Identifying the minimal yet
maximally effective transcription factor combination—those

'trivially small but causally decisive' factors—that can shift a
52-year-old fibroblast to a 23-year-equivalent attractor is, in
principle, an NP-hard combinatorial optimization problem.
Classical exhaustive or heuristic search algorithms may require
computational timescales on the order of thousands to millions
of years to converge on globally optimal solutions. Quantum
computers exploit quantum superposition, allowing simultaneous
evaluation of exponentially many factor combinations in a single
computational pass. Quantum optimization algorithms such as
the Quantum Approximate Optimization Algorithm (QAOA)
and Variational Quantum Eigensolvers (VQE) are specifically
designed to identify the sharp, sparse causal lever sets that the RA-
SCDT (. penalty approximates classically—but with a quantum
speedup that scales exponentially with the dimensionality of the
search space.

* Quantum Tunneling for Energy-Landscape Traversal. In the
attractor-basin formalism of our framework, the transition from the
aging attractor (S_old) to the youthful attractor (S_young) requires
traversing an energy barrier in the high-dimensional state space—
the separatrix between basins of attraction. Classical gradient-
based optimization is inherently susceptible to local minima: the
algorithm must climb over each energy barrier sequentially, risking
entrapment in intermediate metastable states that correspond
biologically to partially reprogrammed, potentially oncogenic
cell phenotypes. Quantum annealing and quantum tunneling
offer a fundamentally different traversal strategy: rather than
climbing over the energy barrier, the quantum algorithm passes
through it probabilistically, directly identifying the lowest-energy
transition path from aging to youthful attractor. In the context of
the Lyapunov-constrained RA-SCDT, this corresponds to finding
the globally optimal safe trajectory—one that satisfies [1o(S t)
< ¢ throughout—without the risk of classical local-minima
entrapment. This is precisely the identity-preserving, paradox-free
reprogramming pathway that the HIB equation seeks but cannot
guarantee to find classically in high dimensions.

* High-Dimensional Tensor Network Analysis of Gene Regulatory
Entanglement. Gene expression dynamics are not pairwise-linear
relationships but are governed by deeply entangled, high-order
tensor structures—gene regulatory networks in which the effect of
any single transcription factor is modulated by the combinatorial
state of hundreds of upstream and downstream partners. The
entanglement entropy formalism central to Section 2.6 of our
framework is not merely a mathematical metaphor: it reflects a
genuine structural analogy between quantum many-body systems
and high-dimensional biological state spaces. Quantum computing
is natively architected to model and manipulate such high-
dimensional entanglement structures via tensor network algorithms
(e.g., Matrix Product States, MERA) that achieve polynomial-cost
representations of exponentially complex systems. Applied to the
RA-SCDTB_trans matrix identification problem, a quantum tensor
network processor could resolve the full gene-regulatory coupling
structure and extract personalized, patient-specific 'minimal
causal variable sets'—the precise transcription factor cocktail
tailored to an individual's unique epigenetic landscape. This is the
computational equivalent of what precision medicine envisions:
not a population-average OSKM protocol, but a bespoke quantum-

OA J Applied Sci Technol, 2026

Volume 4 | Issue 1 |7



computed intervention designed atom-by-atom for each patient's
cellular state.

In summary, while the RA-SCDT framework is mathematically
complete and implementable on classical hardware in reduced-
dimensional approximations, its full realization—operating on
the complete 20,000-dimensional gene expression manifold
without dimensional compression artifacts—demands quantum
computational resources. The three quantum advantages outlined
above (superposition-based combinatorial search, tunneling-
enabled energy-landscape traversal, and tensor-network
entanglement modeling) correspond precisely to the three
most computationally intensive operations in the RA-SCDT
pipeline: sparse TF identification, safe trajectory computation,
and transcriptomic embedding. Quantum hardware milestones
currently being achieved by leading research groups suggest that
fault-tolerant quantum processors capable of addressing these
problems may become accessible within the next decade, at which
point the RA-SCDT framework stands ready as the algorithmic
scaffold for quantum-accelerated cellular rejuvenation.

7. Conclusion

We have presented the Retro-Augmented Spatiotemporal
Causal Decision Tree (RA-SCDT), a mathematically rigorous
framework for optimizing cellular rejuvenation protocols. By
unifying reinforcement learning, renormalization group theory,
entanglement entropy formalism, Feigenbaum bifurcation
analysis, Wilson loop causal conservation, and Hamilton-Jacobi-
Bellman optimal control under Lyapunov identity constraints,
the framework provides a comprehensive computational scaffold
for: (i) modeling epigenetic aging as attractor displacement in
multi-scale RG flows; (ii) identifying sparse transcription factor
cocktails beyond OSKM via ({i-regularized causal leverage
analysis; (iii) computing safe, identity-preserving reprogramming
trajectories; and (iv) determining optimal stopping times that
maximize rejuvenation while preventing dedifferentiation. The
predicted critical bifurcation point at ~23 years of biological age,
corresponding to MPTR Day 11-13, provides a theoretically
grounded basis for the empirically observed success window
of partial reprogramming protocols. These results establish a
foundation for data-driven, personalized anti-aging medicine.
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