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ABSTRACT

Existing aging theories describe what changes with age but do not prescribe how to intervene. We propose a
control-theoretic framework that is not merely descriptive but prescriptive: it specifies which intervention, at
which dose and sequence, under which safety constraints, will restore a measured biological state to a
functional region. Aging is defined as progressive loss of safe controllability; biological age is the minimum safe
control cost of functional restoration. Drugs are modeled as vector fields on biological state space whose non-
commutativity, quantified by Lie brackets, predicts that intervention order determines outcome. The core
differentiation from prior theories is operational: the framework outputs ranked targets, optimal sequences,
safety-constrained protocols, and falsifiable predictions directly usable in drug discovery, rather than
mechanistic ontologies or correlative biomarkers. We present a five-dimensional ODE model with analytic Lie-
bracket derivation, a modality-aware control layer, three translational case studies, an implementation
architecture with power analysis, and empirical scoring of aging interventions across five biological epochs.
Twenty falsifiable predictions are enumerated. The central claim is that control-value reduction predicts
translational success better than Hallmark annotation or biomarker reversal alone. If validated, this provides
the missing interventional layer connecting aging biology to rational gerotherapeutic discovery.

INTRODUCTION whether aging should be classified as a disease [1],
with none of these foundational questions receiving a
From mechanisms to intervention laws majority opinion. The disagreement is not merely
philosophical: different definitions lead to divergent
Despite decades of intensive research, aging biology experimental approaches, therapeutic strategies, and
lacks consensus on its most fundamental questions. A measures of success. The absence of a unifying
recent large-scale survey of leading experts revealed quantitative framework that can accommodate these
significant disagreement on the definition of aging, its perspectives while generating falsifiable, intervention-
causes, its onset, the meaning of rejuvenation, and relevant predictions motivates the present work.
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The field has developed complementary frameworks.
Evolutionary theories explain why natural selection may
permit late-life decline [2—4]. Damage and maintenance
theories describe accumulation of molecular and
cellular lesions [5, 6]. The Hallmarks of Aging organize
diverse mechanisms into a widely used ontology [7, §].
SENS provides a repair-oriented catalogue of damage
classes [9]. Information theories emphasize epigenetic
drift and partial reversibility through reprogramming
[10, 11]. Geroscience frames aging mechanisms as
modifiable drivers of chronic disease [12]. Hyper-
function theory highlights persistent growth signaling as
a driver of late-life pathology [13]. These frameworks
have transformed the field. As aging biology becomes
increasingly connected to drug discovery, however, a
different kind of theoretical object is required: it is no
longer sufficient to ask only which processes change
with age. The therapeutic science of aging must answer
a more operational question.

Operational question

Given a measured biological state x, which intervention
u, at which dose and duration, in which sequence, under
which safety constraints, will move the system into a
healthier functional region with acceptable risk and
preserved future controllability?

This question is not answered by a list of Hallmarks, a
catalogue of damage classes, or a metaphor of
information loss. Those frameworks identify relevant
biology, but they do not by themselves specify the
dynamics of the aged system, the state-dependent
response to intervention, the safety-constrained set of
admissible actions, or the objective function that defines
therapeutic success. The relationship is analogous to
that between thermodynamics and statistical mechanics:
a phenomenological ontology organizes observations,
while a dynamical and interventional layer supplies
equations of motion, explicit inputs, response operators,
constraints, objective functions, and predictions that can
fail (Supplementary Information 1). The purpose of this
paper is to propose that layer. We do not argue that
existing theories are wrong; the framework depends on
their insights. Our contribution is narrower but
operationally important: we formulate aging as a
problem of safe controllability and define biological age
as the minimum safe control cost required to maintain
or restore function under a specified intervention
library.

Control theory is the natural mathematical language
for this problem [14—17]. Its central objects, including
state variables, dynamics, inputs, response operators,
reachable sets, value functions, constraints, and
optimal policies, map directly onto the needs of

interventional biology. A biological system has
internal state variables that evolve under endogenous
dynamics and stochastic perturbations; drugs, cell
therapies, genetic perturbations, nutritional inter-
ventions, exercise, and surgery act as inputs whose
effects are state-dependent, so the same intervention
can be beneficial, neutral, or harmful depending
on biological context. Therapeutic success is not
movement toward an abstract youthful ideal
but restoration or maintenance of function under
acceptable risk and preserved future controllability. In
this framework a drug is a vector field on biological
state space, a state-dependent transformation operator
that pushes the system along particular directions. A
target is valuable if its modulation reduces the optimal
control cost of returning the system to a functional
viability set; a combination is valuable if its
component vector fields expand the reachable safe set
more than either intervention alone; and a sequence
matters when the vector fields do not commute.

This last point provides the framework’s central
geometric content. Local controllability, in the sense of
Kalman [15, 18] and the geometric control theory of
Nijmeijer and Schaft [19] and Isidori [20], can be
improved by exploiting the noncommutativity of pairs
of interventions. Given intervention vector fields ga
and gg, sequential application along ga then gg, and
their reverses, generically returns the system to a state
displaced from the start by an amount proportional to
£2 along a new direction, quantified by the Lie bracket
[ga, gs]. The same logic distinguishes local
controllability (a small reachable set near the current
state) from global controllability (reachability of any
youthful state from the aged state). An aged tissue may
retain local controllability while having lost global
controllability because irreversible coordinates have
collapsed the reachable set. The progressive collapse
from global to merely local controllability, and
eventually to loss of even local controllability in
critical dimensions, is the aging process under this
framework. A clinical running illustration (type 2
diabetes monitored by continuous glucose monitoring)
is developed in Supplementary Information 2 and
referenced where relevant below.

(g4, g8](x) = Dga(x) ga(x) — Dga(x) ga(x)

Three developments make this framework timely. First,
multi-omics and single-cell technologies increasingly
permit high-dimensional measurement of biological state.
Second, perturbational datasets, including CRISPR
screens, LINCS/CMap profiles [21, 22], drug-response
atlases, and animal intervention studies, provide empirical
information about how systems respond to inputs. Third,
machine-learning methods can in principle estimate state
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representations, infer dynamics, rank targets, model
response heterogeneity, and integrate heterogeneous data
[23-25]. These technologies do not eliminate the need for
theory; they make a mathematically explicit theory of
interventional aging tractable. This paper presents the
framework and a computational pipeline for prioritizing
gerotherapeutic interventions; it does not report a trained
engine that has leamned intervention vector fields from
perturbational data. The estimation of state-dependent
vector fields from data is developed as a method and
flagged as future and companion work (Supplementary
Information 5), not as an existing capability. We have
previously argued that artificial intelligence provides
machinery to integrate heterogeneous aging data into
longevity pipelines [24], demonstrated an early pathway-
activation instantiation of aging as a multi-dimensional
problem [26], and shown that aging clocks can serve as
instruments for therapeutic target discovery [27]. The
control-theoretic framework supplies the mathematical
scaffold connecting these advances: it defines the state
space in which clocks operate, the objective function that
target discovery optimizes, and the safety constraints
under which such interventions must be evaluated. Its
value will be measured by whether it improves prediction,
experimental design, and therapeutic outcomes.

Background: the landscape of theories of aging

Aging is a hierarchy of phenomena spanning molecular
damage, cellular dysregulation, tissue remodeling,
organ decline, and rising mortality risk, and the major
theoretical families address different levels of it:
evolutionary [2-4, 6, 28], damage and repair [5, 9, 29—
31], the Hallmarks ontology [7, 8], information and
reprogramming [10, 11, 32-34], geroscience [12, 35,
36], hyperfunction [13, 37-41], and reliability and
resilience [42—46]. Each contributes essential insight;
none alone provides a full control law for intervention
(a detailed per-theory review is given in Supplementary
Information 1). Despite their differences, most lack
eight components required for drug discovery: (1) state
variables, the mathematical state of the system; (2)
dynamics, how the state evolves without intervention;
(3) control inputs, what can be manipulated; (4)
response operators, how each intervention affects the
state and how that effect depends on context; (5)
constraints, which interventions are unsafe, infeasible,
or toxic; (6) objective functions, what counts
as improvement; (7) optimality conditions, which
intervention or sequence minimizes cost while restoring
function; and (8) falsifiable predictions, what quantita-
tive outcomes would refute the framework. Their
absence does not make previous theories wrong; it
indicates they were built to answer different questions.
Drug discovery requires a theory of safe control, which
the next section formalizes.

RESULTS

The control theory of aging

Biological state space

We represent a biological system as a latent state vector
X(l ) eR’ describing a cell population, tissue, organ,

physiological subsystem, or organism. It is latent
because no platform measures all relevant variables;
observed data are noisy projections,

() = hx(®) + & (0),

where y(f) may include transcriptomic, proteomic,
metabolomic, epigenetic, imaging, clinical, and
functional measurements; / is an observation function;
and ¢ (¢) represents measurement error and unobserved
variation. The components of x(¢) need not correspond
one-to-one to measured biomarkers; in practice x(¢) is
inferred as a structured representation learned from
multi-omics, clinical, and perturbational data, with
coordinates spanning epigenetic, transcriptional,
metabolic, mitochondrial, proteostatic [47], senescent,
immune, regenerative, matrix, vascular, and systemic-
functional axes. The full specification, including
hierarchical state representations and measurement
specifics, is given in Supplementary Information 2.

The functional viability set

Aging research often describes intervention goals as
“rejuvenation” or reversal of biological age. These are
imprecise: the goal of medicine is not to make every
molecular feature identical to youth but to preserve or
restore function safely. We define a functional viability set

Vz{x:F;(x)ZQi,Vi}, eq 01

where each F; (x) is a functional measure and 6 an
acceptable threshold (cardiac reserve, renal filtration,
immune competence, wound healing, muscle force,
cognition, pulmonary compliance, hematopoietic output,
metabolic flexibility, vascular reactivity). Thresholds
need not be those of a young adult; they may be age-
appropriate, disease-specific, or patient-specific. The
viability set avoids treating youth as an attractor:
developmental trajectories are not simply reversible
aging trajectories, and a function-based objective is more
biologically and clinically appropriate.

The separable form in [eq 01] treats each functional
measure independently, but physiological constraints
are frequently interdependent. The general form of the
viability set is
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Vz{x:G(x)ZO},

where G:R" —R” is a vector of joint constraint
functions and the inequality is taken componentwise. The
separable threshold form Fi(x) > & is the special case
Gi(x) = Fi(x) — 6 in which each constraint involves a
single functional coordinate. Joint constraints capture the
common situation in which an acceptable value of one
function depends on other coordinates: an acceptable
body weight depends jointly on height, age, and sex; an
acceptable cardiac output depends on body size and
metabolic demand; an acceptable hematocrit depends on
altitude and sex. When such dependencies matter, G is
specified directly rather than assembled from
independent thresholds, and the constructions below

carry over unchanged withVread in its general form.

Before defining the viability kernel, we specify the
admissible safe control set ¢/ the set of control

safe 7

functions u(-) satisfying the safety, feasibility,
pharmacologic, dosing, and ethical constraints of the
problem, including the hard and soft constraints

developed in 4.3; 7{,. is in general state-dependent, so

the same intervention may be admissible in one state and
forbidden in another. A related concept is then the
viability kernel, the set of initial states from which some
admissible safe control keeps the system in V, or drives it

into V within a finite entry time and holds it there over the

horizon,
}. eq 02

.

This definition admits initial states that lie outsideVbut
can be steered into it and maintained thereafter, so that
V c K: any state already in)that can be held there has
entry time ¢, = 0. In the classical viability-theory sense
the viability kernel is a subset of the constraint set; the
object in [eq 02] is the corresponding reach-avoid
(capture-basin) generalization that additionally admits
states outside V from which) can be safely reached and
thereafter maintained, and we use it throughout in this
sense. States outside the kernel may still be transiently
improved but cannot be brought into and held within
functional bounds under available safe interventions,
providing a formal language for frailty, irreversibility,
and late-stage disease (Figure 1).

Xy:3u(-) e U, and?, €[0,T]
suchthatx, e Vforallt e[z,,T]

The viability kernel generalizes the classical basin of
attraction. For an autonomous dynamical system
X = f(x) with a stable attractor), the basin of attraction
is the set of initial states whose uncontrolled trajectories
converge toV as t—co. The viability kernel differs in three

respects. It is control-dependent: membership requires
the existence of an admissible control, not spontaneous
convergence, so the kernel expands as the intervention
library grows and contracts as it shrinks. It is safety-
constrained: only controls in ¢/ _ are allowed, so states

reachable only through forbidden trajectories are
excluded. It is finite-horizon: entry and maintenance are
required over [0,7] rather than asymptotically, which
matters when biological deadlines make the asymptotic
limit irrelevant. When the control set is empty and 7— oo,
the kernel reduces to the ordinary basin of attraction of

V.

Aging dynamics without intervention

In the absence of intervention, the biological state
evolves according to stochastic dynamics,

dx, :f(x[,a,e,g)dHZ(xt)dWl,

where fis the endogenous drift; a chronological age; e
environment; g genotype; X is the state-dependent
noise matrix; and W, is a Wiener process. The inclusion
does not imply that age is an independent causal force;
it indexes time-dependent exposures, cumulative
damage, and changing regulatory regimes. The noise
matrix is state-dependent because youthful well-
buffered states have small while pre-frail and
senescent-cell-rich states show inflated variance;
estimation procedures are detailed in Supplementary
Information 2. Aging corresponds to several changes:
the drift increasingly moves the system away from V
(the functional viability set); stochastic instability rises
with transcriptional noise, epigenetic drift, and immune
contraction [49-51]; recovery after perturbation slows,
a known early-warning signal near critical transitions
[45, 46]; the dimensionality of safe control decreases,
and the cost of restoration increases until, at advanced
stages, no safe path may exist. Gompertz-like increases
in hazard [43] may emerge as the probability of
crossing viability boundaries rises with accumulating
drift, noise, and loss of redundancy.

Intervention as control

Interventions enter the dynamics as control inputs,
dx, = f(x)dt + D g,(x)u,(t)dt + 3(x,)dW,

J=1

= f(x)dt + G(x,)u, dt + 2(x,)dW,,

eq 03

where denotes the intensity, dose, schedule, or
exposure of intervention, is the corresponding
intervention vector field, and collects all available
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fields. [eq 03] is the core translation from aging
biology to drug discovery: a drug is a transformation
of biological state rather than a label or pathway
inhibitor. The vector field is state-dependent, which is
biologically central. Rapamycin in a metabolically
overactive, inflammatory, pre-frail state may reduce
pathology; in a frail state requiring wound repair it
may impair recovery [51-53]. The sign of an
intervention is therefore not intrinsic but depends on
the value function: locally, intervention is beneficial
when and harmful when, formalizing context
dependence as a geometric property rather than a
rhetorical caveat. wu;(¢)jgi(x)G(x) [eq:controlled-sde-

matrix] g, (x) Jg; (x)"'VF(x)<0 g (x)'VV(x)>0.

Biological age as control cost: the core definition

We define the optimal control value function

Voo, T) = min B| {00 A

u(-)eUsys.

pr(x,,u,))dt + O(x;)

subject to
dx; = fix)dt + Gxudt + Z(x)dW,

Here /(x,)penalizes functional loss or distance fromV;

c(u;) penalizes intervention burden; r(x,u;) penalizes
toxicity and safety risk; @(xr) penalizes terminal
dysfunction; and ¢/, is the admissible safe control set

defined in 3.2. A simple choice is /(x)=d(x,)V)or
l(x)= ZWi max(0,0, — F(x)). We define control

biological age as

BAcontml (XO) = ¢(V(x() > T)) >

where ¢ maps restoration cost to a clinically
interpretable scale. Crucially, BAconwol 1S intervention-
relative: V depends on the admissible intervention set
U , measurement model M, cost function(C, horizon 7,
and safety constraints. A state may be highly
controllable using cell therapy and gene editing but
poorly controllable using only small molecules.

The Geometry of Aging: Navigating the Biological State Space

V' [viability)

1"\..‘ H{F:l

w

I

L
L

Rynsare (absorbing)
A

g I g
admissible _‘;'"
A0
- .
-"F- .r' -
J.r — S
L -=s AK(V)
j_..ﬂ'" — |'j'H" -
— Hescue
~~~~~~ Unsafe (Deadline Crossed)

Figure 1. The geometry of aging: navigating the biological state space. A 2D projection of the n-dimensional biological state space

showing the viability set V(region of acceptable function), the viability kernel K()) (recovery zone), and the absorbing region R,

Unsafe

(irreversible loss). Consistent with the finite-entry-time definition in [eq:kernel], the kernel contains ¥ and also states that begin outside V from

which an admissible safe control reaches Y within a finite entry time and remains thereafter, so ¥V < K(V) . Trajectory A (rescue) begins outside

Vbut inside K(V) and returns to V under optimal intervention u*(-); trajectory B begins outside K(V), crosses the biological deadline, and

terminates in R

Unsafe *
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Core definition

A young system has low and returns to function
through endogenous repair or modest intervention. A
middle-aged system has higher, requiring stronger
intervention. A frail system has high, reflecting
narrow safety margins. A terminally damaged system
has effectively infinite: no admissible control path
reaches. Chronological age measures time lived;
biomarker age [54—57] predicts age or outcomes from
molecular features; Hallmark burden scores age-
associated processes; control biological age measures
how difficult it is to restore or maintain function

safely. Only the last is directly actionable VIV VVV.

Around a state or trajectory, dynamics can be
approximated as x= A(a)x+ B(a)u, with A(a) age-
dependent endogenous dynamics and B(a) intervention

susceptibility. The controllability Gramian over horizon
Tis

T
W(T,a)= je/““)f B(a)B(a)' @' 7 dz,
0

and for linear systems the minimum energy to move
from xo to xris

E* (X9, xp,a) = (x; — e T x) W(T,a)” (xT - eA(”)TxO).

With age, the smallest eigenvalues of should decline
and the minimum restoration energy should increase.
The value-function biological age connects to classical
survival analysis [58—60]: with hazard and survival,
the hazard is a monotone function of the value
function,

WAt x(1)S (1) = eXp(—jﬂ(S | x(s))ds)
0

Atx(0)) =¥ (V (x(0), T )

for a non-negative link ‘¥ and reference horizon Tr.
This formalizes biological-age acceleration (dV/dt
above the cohort mean), geroprotection (kernel
expansion that shifts /' downward), and mortality-rate
deceleration (survivor selection for low-JV states).
Horizon T is a problem-specification choice (trial
duration for trials; Trr = 5 years for cross-population
comparison) that shortens as biological deadlines
approach; the full treatment of horizon selection and the
Kalman controllability/observability =~ decomposition
appear in Supplementary Information 2.

Network  controllability, and

biological deadlines

irreversibility,

The framework is closely related to, but distinct from,
the network-controllability program of Liu et al. [61], in
which a linearized network is structurally controllable
when a minimum set of driver nodes determined by
maximum matching is actuated. In aging, nodes
represent senescent burden, mitochondrial dysfunction,
proteostatic stress, stem-cell exhaustion, epigenetic
drift, inflammation, matrix remodeling, nutrient
sensing, telomere and genomic state, intercellular
communication, and autophagy, with directed edges
encoding causal dependencies (Figure 2). This clarifies
why single-target  geroprotectors have limited
restorative power: if unmatched nodes are distributed
across hallmark modules, one driver is insufficient, so
effective late-life rejuvenation will usually require
multiple independent intervention vector fields. Our
framework extends this program in four ways, detailed
in Supplementary Information 3: we ask whether
control is achievable at acceptable biological cost rather
than only in principle; we include safety constraints

through the viability-constrained reachable set
X=Ax+Bu?2
xp:3u() € Uy, x(0) = xy, Xx(T) = xp,
Rsafe (xO’T) = )
x(t) eV Vtel0,T]

we treat aging as time-varying, since the same drug
field can have different effects across ages; and we
replace binary controllability with the continuous
value function. A plausible minimal intervention basis
includes anti-senescent, proteostasis/nutrient-sensing,
epigenetic-reprogramming, anti-inflammatory, mito-
chondrial/metabolic, and matrix/fibrosis fields, though
whether it suffices is an empirical network-identifi-
ability problem.

Aging is not composed solely of reversible deviations.
We decompose the state into reversible and
irreversible coordinates, x(z) =[x, (¢),x,(¢)], Where

many components of x, (somatic driver mutations,

mitochondrial DNA deletions, neuronal, nephron, and
oocyte loss, severe matrix crosslinking, architectural
fibrosis, clonal expansion, thymic stromal collapse) are
monotonic or nearly monotonic under the admissible
control set, reflecting the clinically available controls
rather than physical impossibility. An absorbing
boundary is a region beyond which return to V is
impossible under the specified library and safety
constraints: with R(x,,7,U,,.) the safe-reachable set,

x, 1s controllable to viability when
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R(Xy,T, U, ) NV # &, and an absorbing boundary is

reached when this intersection is empty. Absorbing
boundaries imply biological deadlines, time points after
which the optimal policy changes from restoration to
compensation, replacement, or palliation,

t =sup{ t:Pr[R(x(t),T, Uy ) "V =D 21— }.

This matters for preventive geroscience: late rescue is
biologically more difficult and clinically more
dangerous than early stabilization. When a boundary is
crossed, the admissible set can sometimes be expanded
by prosthetic controls (insulin pumps, L-DOPA,
dialysis, cochlear implants) that compensate for an
irreversible coordinate without restoring its biological
function, yielding a therapeutic hierarchy: prevent
boundary crossing, restore biologically, compensate
prosthetically, or manage decline. Extended material
on the rare-event (Luria and Delbriick) statistics of
irreversible coordinates [62, 63], phase transitions
and tipping points, propagation of irreversible losses,
and a worked hippocampal example appears in
Supplementary Information 3.

Drugs as vector fields

The drug-as-vector-field concept

Drug discovery often describes compounds by their
primary target, compressing a high-dimensional
intervention into a scalar mechanism. In the control-
theoretic framework, a drug induces a vector field on
biological state space whose effect depends on current
state, dose, duration, tissue context, pharmacokinetics,
pharmacodynamics, and endogenous feedback. This
provides a natural language for responder heterogeneity
(two individuals of the same chronological age but
different may experience opposite effects) and for dose-
response, since optimal dosing is selection of that
minimizes the value function under constraints rather
than maximization of target engagement. The drug-as-
vector-field is the mean-field projection of the more
general drug-as-distribution operator used in single-cell
perturbation modeling [64]; the two agree under weak
heterogeneity and diverge when subpopulation selection
or tail outcomes dominate, in which case the
distributional  lift is required (Supplementary
Information 4). gi(x)xu(t) tir+ae = Tutts

The Thirteen-Hallmark Aging Network: A Driver/Follower Control Structure

Drivers: Independently Actuable Nodes
These 7 central hallmarks require direct, independent
therapeutic intervention to restore the system, as they

are not fully controlled by other modules. and fibrosis

The Intervention Basis

A plausible minimal basis for rejuvenation
must include fields for senolysis, proteostasis,
epigenetic reprogramming, anti-inflammation,
metabolic/mitochondrial function, and

ECM remodeling.

Deregulated
nutrient
sensing

Cellular
senescence

dysfunction

Epigenetic
alterations

Control Cost vs. Hallmark Score
Translational success is predicted better
by the “Control-Value" (reduction in
restoration cost) than by simple
hallmark membership or static
biomarker reversal.

Altered
intercellular
communication

ECM stiffening

‘ I
Mitochondrial \/
N X

Stem-cell
exhaustion

inflammation
(inflammaging

proteostasis

Followers: Primarily Regulated Modules
These 6 hallmarks are largely downstream
results of driver dysregulation; their states

are influenced by the causal flow from the
driver set.

Directed Causal Dependencies

Arrows represent biological flow, such as Cellular
senescence driving Chronic inflammation,

which in turn leads to Genomic instability.

Chronic

Genomic

) instability

Structural Controllability

Full restoration requires actuating the
unmatched set of drivers; targeting

a follower node typically fails to
correct the broader network.

Telomere
attrition

Disabled
macroautophagy

Legend
o Driver node (independently actuable)
O Follower node (primarily downstream)
—{> Directed causal/regulatory edge

Figure 2. Thirteen-hallmark network of aging with driver and follower classification. Drivers (cellular senescence, loss of
proteostasis, deregulated nutrient sensing, epigenetic alterations, chronic inflammation, mitochondrial dysfunction, ECM stiffening and
fibrosis) have clinically tractable actuating modality classes; followers are primarily downstream. Edges encode known causal and regulatory

dependencies.
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Non-commutativity: why order matters

Control theory predicts that sequence can matter
independently of the components. Two vector fields
commute only if their Lie bracket is zero,

0 0
[2.,251(%) = —agB (1) 24 (x) — 24 (x) g ().
X ox

When the order changes the trajectory: a senolytic
may remove cells that constrain tissue remodeling and
thereby change the response to reprogramming,
whereas reprogramming before senolysis may act on a
tissue still dominated by SASP, fibrosis, or immune
dysfunction. The bracket has a precise operational
meaning: applying, then, then, then, each for time,
returns the system to its start to leading order, with a
second-order residual displacement of exactly. The
bracket is therefore the new direction in state space
exposed by exploiting noncommutativity, a degree of
freedom inaccessible to either intervention alone. In
the geometric control language of Nijmeijer and
Schaft [19] and Isidori [20], the controllability Lie
algebra at determines the dimension of the locally
accessible set; interventions that fail to span this
algebra cannot reach the youthful viability set even
at unbounded duration and dose. The expected
improvement from sequencing is quantified by
projected onto the gradient of. These sequence effects
are not generally predicted by Hallmark annotation,
which can suggest combining senolysis and re-
programming but does not define when one should
precede the other. 5 carries out the explicit analytic
Lie-bracket  calculation  for  senolysis  and
reprogramming.

[g4,831#04—>B#B— Ag,8; — 8, _nggz
[g..851(x)+ O )x (g4, 25111V 5

Experimental test

For a pair of interventions A and B, estimate ga, gg, and
their Lie bracket in a relevant aged tissue model. Predict
whether A—B, B—A, simultaneous treatment, or
monotherapy best reduces V. Test predefined functional
endpoints, safety markers, and durability. If strong
predicted non-commutativity repeatedly fails to
correspond to sequence-dependent outcomes, the model
is wrong.

Controllability loss, modality classes, and safety as a
first-class object

Aging reduces controllability in several ways:
intervention susceptibility declines (stem-cell exhaustion,

vascular rarefaction, immune exhaustion); structural
variables make the target set harder to reach (fibrosis,
crosslinking, neuronal and nephron loss); safety
constraints tighten with frailty, shrinking
the admissible set; and stochasticity rises. Many inter-
ventions fail because they are applied after a
controllability threshold has been crossed. The control
input u(f) is not restricted to small molecules: modern
modalities (biologics, mRNA and lipid nanoparticles,
viral gene delivery, genome and epigenome editing,
engineered immune cells, stem-cell products, synthetic
circuits) differ fundamentally in reversibility, latency,
durability, targeting, titratability, immunogenicity, and
monitoring. Each admissible control should be
annotated as

uj= (mjs djr G > s O})v

with modality class, dose, timing, reversibility, tissue-
targeting profile, and uncertainty (Table 1). A practical
policy follows a reversibility hierarchy: in early or
uncertain states, reversible interventions are preferred to
perturb, observe, and update the state estimate; only
after the trajectory is validated should the controller
escalate to durable modalities. The escalation rule
makes a permanent control #perm admissible only if

Pr[ AV (x50 0 ) > AV (x50, )+ e] >y

perm

and Pr [x(t) forbidden | ] <a

over a clinically meaningful horizon, preventing
premature use of irreversible modalities under model
uncertainty (Table 1).

Safety is not a secondary penalty appended after
efficacy; it is the central constraint that defines the
admissible control set. We define a forbidden region of
unacceptable risk (excessive clonal hematopoiesis, loss
of epithelial identity, oncogenic proliferation signatures,
severe immunosuppression, cytokine-storm  risk,
impaired wound repair, fibrosis beyond threshold) and
require an admissible policy to keep the probability of
entering it below a tolerated level « over the horizon,
with a much smaller for preventive aging than for life-
threatening disease. Hard constraints (predicted
malignant transformation, expansion of high-risk
clones, severe immune collapse, persistent identity loss,
organ toxicity above stopping thresholds, germline
exposure) exclude a control regardless of predicted
benefit; soft constraints (mild infection risk, transient
wound-healing impairment, reversible cytopenias) enter
as context-dependent penalties. The admissible set is
state-dependent: the same intervention can be
admissible in one patient and forbidden in another. To
prevent reward hacking, where measured function
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Table 1. Modality classes and control properties.

Modality Reversibility =~ Onset Duration Principal safety concerns Control implication
Small molecules High Hours-weeks Short-medium Off-target toxicity, interactions, Iterative MPC, dose titration,
infection, metabolic sequence exploration
Biologics / Moderate Days-weeks Weeks-months ~ Immunogenicity, cytokine effects, Sustained but adjustable; requires
antibodies target depletion washout modeling
mRNA / LNP Moderate-high Hours-days Days-weeks Innate immune activation, Pulsed expression; reversible
reactogenicity, tissue accumulation program testing
AAV gene Low Weeks  Months-years Immunogenicity, insertional risk, no High-confidence state selection, long-
delivery redose, persistent expression horizon safety, stopping rules
Base / prime Very low  Days-weeks Permanent Off-target, clonal expansion, p53 Reserve for irreversible lesions with
editing selection, germline risk strong causal evidence
Epigenome Variable  Days-weeks Weeks-years Identity loss, dedifferentiation, lineage  Identity-preservation constraints,
editing mis-programming longitudinal monitoring
Engineered Low-moderate Days-weeks Months-years  CRS, off-target killing, exhaustion,  Population dynamics, kill switches,
immune cells autoimmunity, transformation antigen escape
Senolytic cell Low-moderate Days-weeks Durable Loss of beneficial senescent cells, Use when senescent burden causal
therapy depletion impaired repair, inflammation and localized
iPSC-derived cell Low Weeks- Years Teratoma, ectopic tissue, rejection, mis- Replacement for crossed
therapy months integration boundaries; release + surveillance
Synthetic circuits Variable Hours-weeks Programmable  Circuit escape, mutation, immune  Enables closed-loop control with fail-
recognition safes
improves while latent damage accumulates, the terminal with senolytic courses and reprogramming pulses
cost includes future controllability, normalized to unit integral.
q)(x(T)) = (Dfunction(x(T)) + ﬂl Dirreversible X(t) = (S,d,e, r, f) (S [0,1]5 sderfxo

+ ﬂZ Rcancer + ﬂ3 Rimmune + ﬂ4 Cf;{ure > = (015’ 040’ 055’ 040’ 0'3O)usenurepurapumik
so that an intervention is successful only if it preserves We compare three fixed protocols over T = 56 days:
or expands the future safe reachable set. The Protocol A applies a senolytic course first (days 0 to 7)
relationship  to  classical PK/PD and systems then reprogramming pulses (days 14 to 42); Protocol B
pharmacology [21, 22, 65-67], and the full treatment of reverses the order; Protocol C administers them
modallty reversibility, hard and soft Constraints, and simultaneously_ Senolysis before reprogramming
reward-hacking  prevention, are developed in produces greater restoration of epigenetic integrity
Supplementary Information 4. (e,(T)=0.72, ez(T)=0.61, e.(T)=0.66 on the

mean trajectory; stochastic integration over n = 200 runs
preserves the ranking, Supplementary Information 5). The
reason is mechanistic: reprogramming efficacy scales with
(1-s) r, so clearing senescent cells first increases the
effective gain of the reprogramming pulse (Figure 3).
Under a finite-horizon cost with terminal penalty

Worked computational example: aged murine
liver

To make the framework concrete we use a deliberately
low-dimensional, fully specified model of aged murine
liver. The purpose is not to claim that five variables
capture hepatic aging, but to show how hallmarks,

_ 2 2 _ 2
interventions, safety constraints, non-commutativity, and (D(x(T)) =Wy S(T)" +wy d(T)" +w, (1—e(T)

value-function scoring can be placed into a single +w, (1-r(T))* + w, f (T)?,

computable system simple enough to be reproduced,

falsified, and extended. Let collect senescent-cell fraction, and the weights specified in Supplementary Information
oxidative damage, epigenetic information integrity, 5, the protocol costs are J4 = 0.184, Jp = 0.257, Jc =
regenerative capacity, and fibrotic burden, initialized at an A )

aged state. The controlled stochastic dynamics, literature- 0.231, so that V'(x),T)=min{J ;,Jp,Jc} =J ;. Thisis a
calibrated illustrative parameterization [10, 33, 38, 55, 68, finite-protocol approximation rather than the exact
69], the viability set, and the full equations are specified in Hamilton—Jacobi—Bellman value function,
Supplementary Information 5. Controls are (senolytic), demonstrating how candidate schedules can be scored
(reprogramming), (rapamycin), and (TNIK inhibitor), by the same value-function logic. Loss of controllability
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with intervention start age, including a biological
deadline beyond which no admissible protocol returns
the state to viability, is shown in Figure 4.

The ordering effect is provable analytically. With state
ordering x = (s, d, e, r, f), the senolytic field is

Zeen (X) = (=4, 5,0,0,0, 0)T and the reprogramming
field is g (%) =(0,0,1,(1-9)r,0, 0)'. Because grp

depends on s while gsn does not, the Lie bracket is

[gsen ’gl‘ep](x) = (O’O’ﬂs /Lle SV,O, O)T ¢ 0
whenevers >0, » > 0.

At the aged initial state,  SiueSoro
(0.800)(0.150)(0.15)(0.40) = 0.0072. The bracket is

Corrected five-state aged-liver simulation

positive in the epigenetic-integrity coordinate because
senolysis increases the effective gain of reprogramming
by reducing the inhibitory factor s, which is the
mathematical expression of the ordering effect observed
in simulation. The full derivation appears in Sup-
plementary Information 5.

Falsifiability

Non-commutativity is not merely a metaphor for
“sequence matters.” It is a computable property of
controlled biological vector fields. If empirical
measurements showed that gsn were independent of s,
or that senolysis did not alter the state variable
suppressing reprogramming efficacy, the Lie bracket
would vanish and the ordering prediction would fail.
The claim is therefore falsifiable.

Mean trajectory with 95% simulation interval; n=200 seeded realizations per policy
0.194
No intervention
— ——=A: senolytic -> reprogramming
—-—- B:reprogramming -> senolytic T
o83 b~ e C: simultaneous
N
N~-
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Figure 3. (A) Worked-example terminal-cost trajectory for the intervention protocols in the five-variable aged murine liver model X = (s, d, e,
r, f) over the T = 56-day horizon (n = 200 stochastic realizations per protocol; Euler—Maruyama SDE integration at At = 0.25 days). Solid curve:
no intervention. Dashed: Protocol A (senolytic — reprogramming). Dash-dot: Protocol B (reprogramming — senolytic). Dotted: Protocol C
(simultaneous senolytic + reprogramming). Shaded bands are 95% bootstrap confidence intervals. (B) Intervention schedules for the three
protocols (dark bars: senolytic course; light bars: reprogramming pulses). Full equations, parameters, and protocol schedules are specified in

Supplementary Information 5.
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Reprogramming is not a purely beneficial epigenetic
field. It also raises an oncogenic-risk and dedifferen-
tiation coordinate whose contribution to the safety cost is
state-dependent, larger when senescent or damage burden
is high, so that partial reprogramming can reverse sign
from beneficial to harmful as baseline damage increases
[70, 71]. The Supplement instantiates this negative
coordinate explicitly in the worked-example dynamics
and cost (Supplementary Information 5). The same
Supplement develops an optional state-space extension
in which epigenetic erosion derepresses LINE1
retroelements, activating cGAS-STING and type-I
interferon signaling in a positive-feedback loop with
senescence and SASP, and adds nucleoside reverse-
transcriptase inhibitor and SIRT6-activator intervention
vectors that yield a natural three-intervention ordering
problem [72-75]; this extension is optional and is not
required for the results reported here.

The vector-field statement is useful only if the field is
empirically calibrated. For intervention, is estimated
by combining perturbational datasets across scales
(LINCS L1000 and CMap [21, 22], Perturb-seq and
pooled CRISPR screens, organoid panels, animal
intervention studies [76], and clinical multi-omics
[77]) using neural ODEs [78], Gaussian-process state-
space models, or Koopman operators with control,
together with conditional perturbation autoencoders
[64]. Every estimate must carry uncertainty, and a
coordinate enters as causal only if perturbing it
changes future trajectories as predicted. The full data-
source taxonomy, training objective, uncertainty
quantification, validation criterion, and an AAV-
FOXNI1 thymic-regeneration safety example are given
in Supplementary Information 5.

Jg;(x) =E[(x(t + Ar) - x(1)) / At | x(t) = x,u it

>

1.0

e
(=]
1

Reachable safe-set fraction
P(mea| <3 0)
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Figure 4. Conceptual illustration of loss of controllability with intervention start age. (A) lllustrative reachable safe-set fraction. (B)
Illustrative restored-function success fraction under a stricter threshold. The curves and shaded envelopes are schematic and are not
estimates or confidence intervals from the five-variable liver simulation.
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Implementation architecture

The framework can be implemented as a closed-loop
computational system that estimates a latent biological
state, learns state-dependent intervention vector fields,
computes safe reachable sets, selects interventions
under uncertainty, and updates the model after repeated
measurement. The pipeline consists of six layers (Figure
5): a multimodal measurement layer (plasma pro-
teomics, DNA methylation, untargeted metabolomics,
immune profiling, single-cell omics, functional tests,
imaging, and clinical chemistry, with rigorous
preprocessing and uncertainty propagation); a latent-
state estimator implemented as a multimodal VAE,
neural ODE [78], Koopman operator, or Gaussian-
process state-space model, biologically anchored and
trained to predict future trajectories rather than only
age; a perturbation-response learner that estimates
conditional vector fields; a modality-aware safety model
that estimates the probability of entering forbidden
regions over short and long horizons; a safety-
constrained model-predictive controller.

(1) = E (1), m(®), h(2)) Gi(z,d.c)

t+T

7" =argmin_E j L(2(s),u(s),s)ds + @ (z(t +T)) |,

subject to u(s) e U

e (2(5), 1) and Pr[z(s)forbidden]<c,
which applies only the first action before
remeasurement and may recommend no treatment; and
a feedback loop that updates the latent state via
Bayesian filtering after quarterly lightweight and annual
deep phenotyping. Robust MPC (conditional value at
risk, worst-case objectives) is used when model
uncertainty is high, and the problem becomes a POMDP
over belief states under partial observation. Full layer-
by-layer specifications and a two-year minimal viable

implementation focused on immune aging appear in
Supplementary Information 6.

Translational case studies

The framework becomes useful only when instantiated
in specific tissues with measurable states, admissible
interventions, safety constraints, and go/no-go criteria.
Three case studies, developed in full in Supplementary
Information 7, illustrate this. In aged thymus and
immune rejuvenation, the latent state collects thymic
volume, epithelial and stromal integrity, adipose
replacement, naive T-cell output, repertoire diversity,
inflammatory tone, and clonal-expansion risk; a
staged policy begins with reversible metabolic and
inflammatory optimization, proceeds to transient
thymopoietic stimulation (IL-7 axis, GH secretagogues
with metformin co-administration), and considers
durable FOXNI1 programs only at a higher evidence
threshold, with success defined by improved naive
output, repertoire diversity, and vaccine response without
autoimmunity or clonal expansion. In sarcopenia, the
state separates mass from quality, mitochondrial function,
neuromuscular-junction integrity, fibrosis, adiposity, and
functional performance, so that the controller penalizes
mass gain without strength, power, or metabolic
improvement; reversible interventions (resistance
exercise, protein and amino-acid optimization, urolithin
A and mitophagy-targeting agents [79], rapamycin
schedules) precede biologics (myostatin/activin
inhibitors) and durable follistatin gene therapy. In
ovarian aging, follicular reserve is a dominant
irreversible depletion coordinate (under the standard
small-molecule set), making the tissue a stringent test of
biological deadlines, with the control goal being
maintenance of fertility potential over a defined horizon
under strict state-dependent admissibility around
conception and pregnancy. Each case specifies
measurement layers, candidate interventions, safety

State estimator
VAE / neural ODE /
Koopman / GP-SSM

Perturbation-response
Gy;(z,d,c)
LINCS, Perturb-seq,

z = Eg(y,m, h) organoids, ITP

Measurement
proteomics, methylation,
- -7| metabolomics, imaging,

, function, labs

feedback /!
remeasurement
A
AN Patient / model

biological state x
apply first action ug

Y Y

MPC optimizer

s.t. Usare, Pr < a

Safety model
Pr[z € forbidden)]
BNN / ensembles / GP

m* = argmin J

modality-aware

Figure 5. Closed-loop implementation architecture: measurement — latent-state estimation — perturbation-response and
safety models — safety-constrained MPC — first action applied to the patient or model — remeasurement. The safety model

gates the admissible set at every optimization step.
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constraints, and go/no-go criteria, and each test whether
control-value reduction predicts functional improve-
ment better than Hallmark labels or clock reversal
alone.

Validation and power analysis

A control-theoretic framework should be judged by
whether it improves drug-discovery decisions, and Al-
driven discovery pipelines [23, 24, 80] provide a natural
validation environment. The identification of dual-
purpose targets implicated in both aging hallmarks and
age-associated diseases has been demonstrated on Al
platforms [81], and programs since 2021 against six
aging-associated targets (TNIK, PHDI1/2, QPCTL,
NLRP3, NR3C1, TEAD) constitute a retrospective
testbed in which each program is a decision sequence
amenable to comparison of target-scoring frameworks.
For each candidate one can compute a Hallmark score,
age-association score, disease-association  score,
network-centrality score, druggability score, toxicity-
risk score, and control-value score (estimated reduction
in restoration cost). The central hypothesis is that
control-value score outperforms Hallmark score for
predicting translational —advancement, functional
efficacy, and toxicity-adjusted therapeutic index. An
internal pilot is statistically limited: detecting a
Spearman correlation near 0.45 with 80% power at two-
sided a = 0.05 requires roughly 36 to 40 compounds,
and advancement is influenced by potency,
pharmacokinetics, intellectual property, and strategic
decisions beyond biological efficacy. A stronger
program expands to public corpora (DrugAge, the
Interventions Testing Program, known geroprotectors,
and matched negative controls), is pre-registered with
frozen compound list, model version, intervention
library, cost function, and endpoints, and prefers
prospective scoring in aged organoid panels. The full
design, the four-quadrant Hallmark-versus-control-
value prediction, the pre-registration template, and
explicit failure criteria appear in Supplementary
Information 8. The framework fails if control-value
scoring does not outperform Hallmark or network
scoring, if state-dependent predictions do not improve
outcomes, or if non-commutativity, irreversibility, or
safety-constraint predictions fail when tested; none of
these failure modes, and none of the corresponding
successes, has yet been demonstrated in pre-registered
V= 0.05, independent, adequately powered studies.

Twenty falsifiable predictions

The following twenty predictions distinguish
the control-theoretic framework from Hallmark
enumeration, biomarker optimization, and single-
mechanism theories. Each is a testable, falsifiable

hypothesis; full statements, tests, and falsification
conditions are given in Supplementary Information 9.
They group into state-dependent efficacy (1 through
4), order and combination (5 through 8), controllability
and irreversibility (9 through 12), target prioritization
(13 through 16), and systems-level behavior (17
through 20).

1.  Sign and magnitude of effect depend on baseline
state beyond chronological age.

2. Non-responders to rapamycin, senolytics, or partial
reprogramming are identifiable from pre-treatment
latent state.

3. At least one major intervention has a measurable
state region where it is harmful despite being
beneficial on average.

4. Optimal dose depends on state, not a single target-
engagement curve.

5. In fibrotic/inflamed aged tissues, senolysis before
reprogramming restores function better than the
reverse order.

6. In fibrotic tissues, antifibrotic remodeling before
regenerative stimulation outperforms the reverse
order.

7. The magnitude of empirical non-commutativity
correlates with the estimated Lie bracket of
intervention vector fields.

8.  Rationally chosen low-dose combinations match or
exceed high-dose monotherapy at lower toxicity.

9. Structurally aged tissues have measurable
controllability boundaries beyond which no
admissible small molecule restores function even if
clocks improve.

10. Recovery dynamics after standardized perturbation
predict future decline better than static biomarkers.

11. Ovarian reserve and hippocampal neuronal loss
have identifiable deadlines beyond which standard
interventions cannot restore function.

12. State-space variance and autocorrelation increase
measurably before clinical frailty transitions.

13. Some high-control-value targets lie outside
canonical Hallmark annotations.

14. Control-value reduction predicts advancement
better than Hallmark membership alone.

15. High network-centrality targets without high
control-value reduction underperform in translation.

16. Modality-matched targeting outperforms target-
only selection.

17. Closed-loop adaptive MPC outperforms fixed-
schedule protocols at matched cumulative
exposure.

18. Reversibility-hierarchy escalation reduces serious
adverse events without sacrificing efficacy.

19. Controllability structure differs between sexes

(ovarian dominance, distinct immune Kkinetics,
different mTOR/IGF-1 sensitivities).
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20. Interventions targeting shared aging mechanisms
reduce multi-system disease incidence more
efficiently than single-disease drugs at matched

cost and safety.

Each prediction derives from a specific formal object of
the framework rather than from biological intuition
alone. Table 2 makes this mapping explicit for the five
predictions that are both riskiest and most directly tied
to the formalism (Table 2); the full mapping for all
twenty  predictions appears in  Supplementary
Information 9. A prediction is riskiest when it is
independently testable and is not a built-in modeling
assumption, so that its failure would refute the
corresponding formal object.

interventions

Empirical application: scoring

across biological epochs

To show that the framework generates actionable,
quantitative predictions, we applied an epoch-stratified
scoring rubric to a curated set of interventions drawn
from DrugAge (3,423 entries), the NIA Interventions
Testing Program (63 entries across ~50 compounds),
ClinicalTrials.gov (638 aging/longevity trials), and
OpenTargets (2,559 aging-associated targets). Each
intervention was mapped onto a 20-dimensional
biological state space (mTOR, AMPK, sirtuin,
inflammatory tone, senescent burden, epigenetic
integrity, proteostasis, mitochondrial function, NAD,
stem-cell reserve, telomere length, immune function,
vascular integrity, fibrosis, metabolic flexibility,
hormonal regulation, circadian amplitude, microbiome
diversity, neuroplasticity, genomic stability) with a
vector field g, ¢ R*, and scored on eight axes (control

leverage, safety margin, controllability expansion,
durability, reversibility, combinability, evidence tier,
sequence position) at each of five biological epochs.
The  composite score at epoch k is

8

Composite, :100><2wk,[ -Axis; with epoch-specific
i=1

weights, and the Lifetime Integrated Score (LIS) is

5

ZCompositek. The full rubric, axis definitions, epoch
k=1

weights, and the complete scored dataset
(Supplementary Table 1) are given in Supplementary
Information 10; Table 3 reports the top twenty
interventions by LIS (Table 3).

Several observations emerge. Lifestyle interventions
dominate the top ranks: caloric restriction (LIS 320.2)
and aerobic exercise (316.7) outperform all
pharmacological agents through broad vector-field
coverage, high safety margins, and Tier 1 evidence.

SGLT2 inhibitors emerge as the highest-ranked
pharmacological class (dapagliflozin 309.3, em-
pagliflozin 306.0), outranking rapamycin, senolytics, and
NAD* precursors through multi-dimensional effects and
Tier 1 cardiovascular-outcome evidence, a prediction
testable in head-to-head geroscience trials, with GLP-1
receptor agonists ranking third (liraglutide 298.9,
semaglutide 286.6). All scores decline monotonically
with epoch, formalizing the intuition that prevention is
more efficient than late intervention through narrowing
safety envelopes and diminishing substrate. Rapamycin
ranks outside the top fifteen despite gold-standard ITP
lifespan evidence, because its immunosuppressive safety
penalty and narrow vector field reduce its composite
score relative to multi-dimensional agents; the framework
predicts intermittent low-dose deployment at Epoch II
to III rather than chronic administration. A central
implication is that the current intervention library is
incomplete, providing meaningful control over roughly
20% of the state space (Co =~ 0.20), which motivates an
iterative control cycle mapping control gaps, directing
discovery toward uncontrollable dimensions, and re-
estimating controllability with the expanded library, so
that the framework is intended to operate as an iterative
pipeline for rational gerotherapeutic prioritization rather
than a one-shot solution; the automated learning of vector
fields that would close this loop is future and companion
work.

Relationship to existing frameworks and formal
methods

The control-theoretic framework complements, rather
than replaces, existing aging theories; each supplies
content the control layer depends on. Hallmark

annotations map onto state coordinates; damage
inventories inform terminal cost; SENS repair
categories map onto intervention vector fields;

information-loss theories motivate specific reversible
coordinates; geroscience provides clinical context;
hyperfunction theory supplies a key vector field whose
state-dependent sign is made explicit.

The framework also stands in a specific relation to the
resilience and critical-transition literature. Work on
early-warning signals for critical transitions [44, 45] and
on universal resilience patterns in complex networks
[46] shows that systems approaching a tipping point
exhibit critical slowing down, rising variance, and
reduced recovery rate before overt collapse. These are
descriptive, intervention-free diagnostics: they detect
that a system is losing dynamical resilience but do not
specify which input restores it. The control-cost
formulation adds a prescriptive layer on top of this
descriptive picture. Loss of resilience appears here as
declining conditioning of the controllability Gramian
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Table 2. Mapping of the five riskiest predictions to the formal object each derives from.

Pred. Statement (abbreviated)

Formal object

3 The same intervention is beneficial in some states and harmful in others

7 Sequenced interventions with nonzero Lie bracket depend on order
9 Each tissue has a loss level beyond which no admissible intervention

restores function

Safety-cost sign: g]TVV changes sign

Lie bracket [g4, gg] # 0 (ordering)

Viability-kernel boundary / non-responder
state

14 Targets ranked by control value outperform Hallmark-count ranking Value-function gradient identifies high-
leverage node
17 Adaptive model-predictive control outperforms a fixed schedule closed-loop MPC / partially observed control
policy
Failure of the prediction refutes the associated formal claim.
Table 3. Top 20 aging interventions by Lifetime Integrated Score (LIS).
Rank Intervention Tier Peak Best Ep. LIS
1 Caloric Restriction (30%) 1 72.1 1 320.2
2 Aerobic Exercise (150 min/wk) 1 70.9 2 316.7
3 Dapagliflozin 1 69.3 1 309.3
4 Empagliflozin 1 68.2 1 306.0
5 Resistance Exercise (2 to 3 x/wk) 1 67.6 1 301.5
6 Liraglutide 1 67.2 1 298.9
7 Intermittent Fasting (16:8) 2 69.1 1 298.2
8 Telmisartan 1 65.7 1 289.4
9 Semaglutide 1 63.8 2 286.6
10 Sulforaphane 2 65.2 1 285.6
11 Berberine 2 64.5 1 281.7
12 Urolithin A 2 62.9 1 279.3
13 Losartan 1 63.7 1 278.4
14 Methionine Restriction 3 64.5 1 278.4
15 Time-Restricted Eating 2 63.9 1 277.6
16 Pioglitazone 1 62.6 1 276.2
17 Lithium (low dose) 2 63.0 1 275.4
18 Fenofibrate 1 61.4 1 271.3
19 Pterostilbene 3 61.9 1 268.3
20 Magnesium supplementation 1 60.6 1 266.2

Evidence tier: 1 = ITP/Phase 3 validated; 2 = Phase 1 or 2 / strong preclinical; 3 = preclinical only.

and rising restoration cost, and the same slowing of
recovery that serves as an early-warning signal is, in
control terms, the quantity to be reversed. Beyond
detection, the value function specifies an intervention-
relative, safety-constrained objective: which admissible
control most reduces from the current state, at what risk,
and within which reachable safe set. Critical slowing
down thus becomes an input to the controller rather than
an endpoint of the analysis VV.

The operational difference from the Hallmarks scheme
can be stated concretely. The Hallmarks organize
mechanisms into categories and support the inference

that a mechanism is a candidate target, but they do not
by construction order interventions, identify who will
not respond, or predict when a beneficial intervention
becomes harmful. The control formulation yields three
operationally distinct outputs. First, explicit intervention
ordering: when two intervention vector fields have a
nonzero Lie bracket, the framework predicts which
sequence reduces more, a statement absent from any
hallmark annotation. Second, a predicted non-responder
state: an initial state lying outside the viability kernel
for a given library cannot be restored by any admissible
protocol in that library, identifying non-responders from
the pre-treatment state rather than post hoc. Third, a
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prospectively testable state-dependent sign reversal: the
sign of an intervention is set by the projection of its
vector field onto the gradient of, so the framework
predicts a state region in which a normally beneficial
intervention becomes harmful. These three outputs are
the content the hallmark ontology does not supply. The
recurring gap the control layer fills is the absence of a
state vector, dynamics, ordering, an admissible set, and
a continuous safe value function in place of binary
controllability or annotation-based ranking; a full cross-
framework comparison is tabulated in Supplementary
Information 10. The formulation also interfaces with
three adjacent formal methods, developed in Sup-
plementary Information 10: hybrid automata [82—84]
represent discrete clinical stages (robust, pre-frail, frail,
disabled, terminal) with mode-dependent flows and
enable model-checking of safety properties; asymmetric
signaling games [85] model cell-cell communication
under selection, where pooling equilibria underlie
inflammaging and immune evasion and interventions
act on equilibrium structure; and anti-hallmarks and
synthetic lethality [86, 87] predict that high-value
targets lie outside canonical Hallmark vocabulary
in dependencies the aged state acquired through
compensatory remodeling, consistent with the high
ranking of SGLT2 inhibitors and GLP-1 receptor
agonists above V'V.

Limitations

The framework has substantial limitations. The latent
state is not observable, and inferring it from measure-
ments is an identifiability problem compounded when
interventions perturb the measurement mapping itself;
it should be addressed through multimodal over-
determination, perturbational experiments, biological
priors, model comparison on held-out perturbational
data, and sensitivity analysis. Intervention data are
sparse and biased toward cancer cell lines, young mice,
and healthy volunteers, so extrapolation to aged, frail,
and comorbid populations is risky and prospective
aging-specific datasets are essential. The full stochastic
control problem is intractable in closed form, and the
linearizations, short-horizon MPC, reinforcement
learning, and mechanistic submodels used in practice
introduce errors that must be quantified. Long-horizon
safety prediction is weak because aging drug programs
are young and relevant outcomes have long latencies;
the framework keeps safety uncertainty in the
optimization and prefers reversible modalities when
uncertainty is high. Value-function weights reflect
patient preferences, clinical judgment, and societal
values and must be elicited rather than derived from
biology, and control models must be shared with frozen
parameters, code, and pre-specified endpoints to be
falsifiable. Finally, the framework is a research

program: it does not authorize any specific clinical
protocol or off-label use, which must follow regulatory,
ethical, and evidentiary standards independent of the
framework. A five-phase scalability roadmap, from
single-organ animal and organoid models through
human pilots, multi-organ combination validation,
durable-modality integration, and population-scale
geroscience, with defined deliverables and failure
modes at each phase, is given in Supplementary
Information 6.

DISCUSSION

The core claims are that aging is progressive loss of safe
controllability; biological age is the minimum safe
control cost of restoring or maintaining function; drugs
are state-dependent vector fields; combinations and
sequences matter through Lie-bracket structure; safety
is a first-class constraint that defines the admissible
control set; and modality class determines the
reversibility hierarchy of controls. The distinguishing
contribution is not the general idea that drugs perturb
biological systems, which is standard systems
pharmacology, but the casting of gerotherapeutic
discovery as a constrained stochastic control problem
with  explicit state space, safety constraints,
irreversibility coordinates, and an intervention-relative
definition of biological age. This yields specific,
testable consequences: responder stratification by
state, order-dependent combinations, controllability
boundaries, modality-matched escalation, adaptive
MPC, and safety-constraint modeling with forbidden
regions and reward-hacking prevention. It addresses the
gap between descriptive biology and translational
decision-making by asking, at each step, which
admissible intervention most reduces the minimum safe
cost of functional restoration given the current state
estimate and its uncertainty. Several caveats hold:
identifiability, data bias, computational complexity, and
weak safety modeling are serious; parameters must be
empirically calibrated and predictions pre-registered;
and value-function weights cannot be derived from
biology alone. The central empirical test is whether
control-value reduction predicts translational success
better than alternative scoring methods, conductible
retrospectively on existing portfolios, prospectively in
aged organoid and animal panels, and adaptively in
clinical cohorts.

MATERIALS AND METHODS

All simulations in the worked example (Figure 3 and
Supplementary Information 5) wused the specified
stochastic differential equation system. Deterministic
mean-trajectory integration used explicit Euler stepping
with At = 0.25 days over a 56-day horizon, with state
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variables clamped to [0,1] after each step; the stochastic
reference integration used the same step size with additive
Wiener increments scaled by the specified diagonal noise
matrix. Control functions were normalized so that a
senolytic or TNIK course and a reprogramming pulse
each integrate to unity. The value-function approximation
is over three hand-specified policies and does not solve
the full Hamilton—Jacobi—Bellman equation. The Lie-
bracket computation was performed analytically from the
vector-field specifications and independently checked in
SymPy. All computations are reproducible from the
equations, parameters, and initial conditions provided; the
reference implementation and validation scripts are
provided as Supplementary Code under the MIT License.

In accordance with the ICMJE Recommendations
(January 2024 update) and the ICMJE recommendations
on chatbots and generative Al [88], the authors disclose
that large language models (Anthropic Claude Opus and
Sonnet families; OpenAl GPT-4 and GPT-5 families,
2024 to 2026 releases) were used as drafting and editing
tools for prose, copy-editing, reference cross-checking
against author-provided sources, and LaTeX assistance,
and that retrieval-augmented assistants located
candidate citations subsequently verified against the
primary literature. Al systems did not originate the
scientific framework, did not generate claims or
predictions not specified by the human authors, did not
produce any citation accepted without human
verification, and did not carry out the numerical
simulations or analytic derivations. Al systems are not
listed as authors. The human authors reviewed, edited,
and approved every sentence, equation, figure, table,
reference, and numerical claim, and accept full
responsibility for the accuracy, originality, and integrity
of the work. The manuscript was checked for textual
overlap against prior publications and indexed sources;
all retained passages are original or properly quoted and
cited; the submission contains no fabricated or falsified
data and no unverified Al-generated citations. No
human or animal experiments were performed for
this manuscript; translational case studies outline
prospective designs requiring institutional review,
informed consent, and regulatory oversight. The authors
disclose affiliations with Insilico Medicine and
collaborating institutions; specific financial disclosures
appear in the journal submission record. The framework
is proposed as an open scientific program requiring
independent replication beyond any single organization.

CONCLUSIONS

Aging theory has matured from evolutionary reasoning
through damage catalogues, Hallmark ontology,
information models, geroscience, hyperfunction, and
network and resilience frameworks. Each has clarified

part of biology; none, by itself, specifies how to act in a
measured biological state. We have proposed a control-
theoretic framework designed to supply that layer: a
latent biological state, a functional viability set, stochastic
aging dynamics, intervention vector fields, a minimum-
safe-cost definition of biological age, explicit ir-
reversibility coordinates and absorbing boundaries,
modality-aware admissible sets, and safety as a first-class
constraint. A worked aged-liver example with an analytic
Lie bracket and protocol scoring is explicit enough
to be reproduced and falsified; an implementation
architecture covers measurement, latent-state estimation,
perturbation-response  learning, safety = modeling,
constrained model-predictive control, and closed-loop
updating; three translational case studies specify state
vectors, intervention libraries, constraints, and go/no-go
criteria; a validation plan with power analysis and
external replication is provided; and twenty pre-specified,
falsifiable predictions are enumerated. The framework
will succeed or fail empirically. If control-value scoring
does not outperform Hallmark, clock, or network base-
lines, and if order-dependence, controllability boundaries,
modality effects, and adaptive-control advantages fail to
appear, it will be rejected. The framework supplies aging
drug discovery with equations of motion, admissible sets,
value functions, reversibility hierarchies, and falsifiable
predictions, and its claims are stated so that adequately
powered, pre-specified studies can confirm or refute
them. The present paper establishes the framework and
its predictions; the deeper mathematical and engineering
development, including the full geometric-control
treatment of noncommutativity and reachability, formal
identifiability and estimation of the vector fields, and
hybrid-automaton and stochastic-transition models of
irreversibility, is reserved for a companion sequel.
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