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Active histone marks turn over rapidly in open chromatin, yet their states do not simply track
the instantaneous regulatory input and can retain information about prior stimulation. We develop
a theoretical framework that separates this external input a(7) from a state-dependent spatial
amplification G(m), through which existing marks reshape local factor availability. A sufficiently
steep increase in G(m) generates two thresholds that partition inputs into OFF, MEMORY, and
ON regimes, governing mark erasure, history-dependent maintenance, and establishment. In a
microscopic polymer model with epigenetic switching, marked chromatin and mobile factors self-
organize into a localized reaction hub, thereby generating the required nonlinear G(m). Measured
directly from microscopic configurations, this constitutive relation enables quantitative predictions of
deterministic regime boundaries, first-passage statistics, recovery after perturbation, and frequency-
dependent hysteresis without additional fitting. The resulting response architecture allows strong
inputs to establish a high-mark state, weaker inputs to maintain it while limiting off-target spreading,
and repeated inputs to be integrated over time. These results identify self-organized spatial feedback

as a minimal mechanism for epigenetic signal processing in active chromatin.

I. INTRODUCTION

Chromatin regions can occupy distinct epigenetic
states, characterized in part by specific patterns of hi-
stone modifications [1, 2]. These states participate in the
regulation of gene expression during development, cell-
state transitions, and responses to environmental signals
[3]. Unlike the static DNA sequence, histone modifica-
tions are dynamically changed on cellular timescales [4].
A central physical question is therefore how biochemical
reactions and three-dimensional chromatin organization
couple regulatory signals to the establishment, mainte-
nance, and erasure of epigenetic states despite continuous
turnover [5-9].

For repressive histone marks such as H3K9me3 and
H3K27me3 [10], substantial progress has established a
key physical picture. Central to this picture is reader—
writer feedback, in which a modified nucleosome pro-
motes the deposition of identical marks on nearby chro-
matin [11-14]. Coupled with 3D chromatin folding [15],
this feedback extends beyond genomic neighbors to act
through spatial contacts between distant loci. Theoret-
ical models show that this reciprocal coupling can drive
the de novo establishment and self-organization of coher-
ent epigenetic domains [16]. A major question in these
systems is how such domains persist through molecular
turnover and are restored after replication, thereby pro-
viding heritable epigenetic memory [7, 8, 17-20].

Whether the same coupling between mark dynamics
and 3D chromatin folding operates in active chromatin
remains unclear. In repressive systems such as hete-
rochromatin, reader—writer feedback is often reinforced
by self-compaction, creating a 3D structure that favors
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its own maintenance. By contrast, active chromatin is
open and transcriptionally engaged [21]; its modifica-
tions, such as H3K27ac, turn over rapidly [22, 23], and
locus-resolved measurements show unstable local reten-
tion of parental nucleosomes during replication [24]. An
analogous feedback in active chromatin therefore cannot
rely on a pre-existing compact domain or stable retention
of parental nucleosomes. Instead, active marks are often
treated primarily as downstream products or facilitators
of transcription factor (TF) networks [25-27].

However, active-mark levels do not simply track in-
stantaneous transcriptional activity, but evolve on dis-
tinct response and relaxation timescales. For example,
neuronal depolarization induces near-peak H3K27ac lev-
els at the Fos promoter and enhancers within 5 min be-
fore detectable mRNA accumulation [28]. Conversely,
acute transcriptional inhibition does not markedly reduce
global histone acetylation and can even enrich acetyla-
tion at active promoters, while CBP/p300 activity per-
sists without ongoing transcription [29-31]. On longer
timescales, active marks persist through mitosis to sup-
port bookmarking [32]. In transcriptional-memory sys-
tems, marks established by prior stimulation can remain
after stimulus withdrawal and across multiple cell divi-
sions, thereby priming faster and stronger responses to
subsequent stimulation [33-35]. Thus, active chromatin
is neither a passive transcriptional readout nor an au-
tonomous memory element, but a regulated dynamical
state that can retain information about prior stimula-
tion. Active-mark dynamics therefore pose an input—
output problem in which the response depends on both
the current regulatory input and the existing mark state.

Several molecular mechanisms could allow the existing
mark state to modify this input—output relation. First,
active histone modifications engage in reader—writer in-
teractions: CBP/p300 recognizes acetylated histone tails
via its bromodomain to propagate acetylation [36, 37].
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Second, acetylated chromatin recruits multivalent fac-
tors (e.g., BRD4, MEDI1 and p300) that assemble into
dynamic, factor-rich structures [38-43]. Together, these
findings point to a spatial feedback loop: active marks re-
cruit writing factors, local factor enrichment accelerates
further writing, and the modified chromatin stabilizes its
own reaction environment. These processes, however, are
embedded within locus-specific TF networks [44], so reg-
ulatory input, writing reactions, and chromatin—factor
organization vary together. It is therefore difficult to de-
termine whether factor-rich structures simply follow the
regulatory input or generate an internal, state-dependent
amplification that reshapes the writing response. Resolv-
ing this ambiguity requires a mesoscopic framework that
separates the external regulatory input from the spatial
amplification generated by the existing mark state.

Here, we present a minimal framework for self-
organized epigenetic signal processing in active chro-
matin that explicitly separates an external regulatory in-
put, a(7), from a state-dependent spatial amplification,
G(m), through which existing marks alter local factor
availability. A sufficiently steep increase in G(m) gener-
ates two regulatory thresholds, partitioning inputs into
OFF, MEMORY, and ON regimes that govern mark era-
sure, maintenance, and establishment. To test whether
active chromatin can realize this response architecture,
we construct a microscopic polymer model with mark-
dependent factor recruitment and writing-loss reaction.
The emergent chromatin—factor self-organization gener-
ates the required nonlinear G(m). When inserted into
the theory, the measured G(m) quantitatively predicts
deterministic regime boundaries and stochastic dynam-
ics without additional fitting. The framework further
accounts for recovery from mark loss, spatially selective
maintenance and frequency dependence under repeated
stimulation.

II. THEORETICAL FRAMEWORK AND
MODELS

A. A mean-field theory of epigenetic-state
dynamics

We begin with a general two-state description of local
epigenetic-state dynamics. Each chromatin locus ¢ car-
ries a binary internal state x;, with z; = 0 denoting the
unmarked state U; and x; = 1 the marked state M;. The
two states interconvert according to

k()
i —— M;, (1)

k()

where the transition rates may depend on both the in-
trinsic reactivity of the locus and its instantaneous three-
dimensional molecular environment. In the dilute, unsat-
urated limit, the writing rate can be expressed in terms

of the local abundance of writing enzymes,
kF(t) = wi(t)qw (R, t), (2)

where w;(t) denotes the local writing propensity and
gw (R, t) is the effective abundance of writing enzymes
at locus i. Mark loss is coarse-grained as a spatially
uniform first-order process, k; (t) = k_. This effective
turnover accounts collectively for enzymatic erasure, hi-
stone replacement, and other processes that remove the
mark [23, 45].

Consider a chromatin segment §2 containing Nq beads.
Its instantaneous mark fraction is

1 &

We denote its ensemble average by

m(t) = (m(t)). (4)

Its exact evolution follows directly from the bead-level
transition dynamics:

dm 1 & +
e S (B S M

We separate the local enzyme abundance into an over-
all density and a spatial enrichment factor:

qaw (R, t) = pw (t)Vkow (R, 1), (6)

where py = Ny /V is the mean enzyme density, with
Ny the number of writing enzymes and V is the con-
finement volume accessible to the factors. Here, Vi is
the effective volume sampled by the short-ranged writ-
ing reaction, and ¢y is the dimensionless local enrich-
ment relative to a spatially uniform enzyme distribution.
Thus, pw Vk specifies the expected local abundance in
the uniform reference state, whereas ¢y captures its spa-
tial redistribution.

The spatial distribution ¢y may depend on both the
polymer conformation and the instantaneous enzyme po-
sitions. To derive a closed equation for the mark frac-
tion, this microscopic spatial dependence must be re-
duced to a function of the instantaneous mark fraction.
Because writing occurs only on unmarked beads, the rel-
evant quantity is the mean enrichment sampled by those
beads. For a prescribed value u of the instantaneous
mark fraction, we define

m(t) = u> .

(7)
This conditional average characterizes the microscopic
polymer and enzyme configurations at a given instanta-
neous mark fraction. We assume that the writing propen-
sity is approximately uniform across the segment and

1 i
G(u) = No(l—u) <Z(1 —zi)ow (R 1)

i=1
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time-independent, w;(t) = w. Under the constitutive as-
sumptions that the conditional enrichment depends only
on the instantaneous mark fraction and any residual de-
pendence on other slow variables can be neglected, the
ensemble-averaged dynamics can be written as

— = wpw (O)Vk (1 —m)G(m)) — k_m. (8)

We then apply the mean-field closure that neglects fi-
nite Ng fluctuations of the instantaneous mark fraction
around its ensemble average,

(A =m)G(m)) ~ (1 —m)G(m), 9)
which gives
% = wpw (t)Vk(1 — m)G(m) — k_m. (10)

We rescale time as 7 = k_t and define the dimension-
less regulatory input

wpw (t)VK

a(r) = 222 (11)

t=7/k_

Eq. (10) then becomes

dm =a(7)(1 —=m)G(m) —m. (12)
dr

Eq. (12) is the deterministic mean-field limit of a state-
dependent birth—death process, or equivalently a one-
dimensional stochastic chemical reaction network [46,
47]. Tt separates the externally imposed regulatory in-
put, a(7), from the state-dependent spatial contribution,
G(m). For constant a, a stationary mark fraction m* is
determined by the balance between writing and loss,

dm _ a(l—=m*)G(m*) —m* =0. (13)
dr

For a spatially uniform enzyme distribution, G(m) = 1.
Hence the system then has a unique stationary state,
m* = a/(1+ a). To characterize the nonlinear response
generated by spatial recruitment, we define the input—
state relation

m
Here, g(m) is the regulatory input required to sustain a
mark fraction m, and the stationary states at a given a
satisfy a = g(m™*).

A sufficiently strong positive feedback can make g(m)
nonmonotonic. Over a finite range of a, this produces
three stationary states, with two stable states (my and
mpy) separated by an unstable one (my), i.e., bistabil-
ity. The resulting nonmonotonic response introduces
two critical regulatory thresholds, ao,g and aon, with
aof < @Gon. These thresholds partition the regulatory
input into three functionally distinct regimes (Fig. 1A).

ON regime. When a > aqp, only the high-mark state
is stable. The regulatory input uniquely specifies an ON
state and drives the system toward a high mark fraction,
independently of its previous state.

OFF regime. When a < aog, only the low-mark state is
stable. The regulatory input therefore uniquely specifies
an OFF state, and the system is driven toward a low
mark fraction regardless of its previous state.

MEMORY regime. When aog < a < aon, the low-
and high-mark states are both stable. The instantaneous
regulatory input alone no longer uniquely determines the
state. Instead, the response also depends on the state
already occupied by the system, which is subsequently
maintained. This intermediate interval therefore consti-
tutes a regulatory memory regime.

For repressive histone marks, reader—writer feedback
coupled to three-dimensional chromatin compaction has
already been shown to generate a sufficiently strong G(m)
to support bistability [7, 8]. Because studies of these sys-
tems have largely focused on stable inheritance and epige-
netic memory, attention has commonly centered on the
intermediate MEMORY regime. Active histone marks
provide a different starting point. Their regulatory in-
puts can change frequently and rapidly in response to
environmental changes. Consequently, the significance of
the nonlinear response lies not only in the existence of
bistability, but also in how the system moves among the
ON, OFF, and MEMORY regimes as the regulatory en-
vironment changes. This architecture allows regulatory
signals of different strengths to establish, erase, or main-
tain an active chromatin state.

Whether active chromatin can generate spatial feed-
back sufficiently strong to realize this architecture re-
mains unknown. In particular, it is unclear whether the
required G(m) can emerge from the coupled dynamics of
an open chromatin system and diffusing factors, rather
than from a prescribed template. This motivates us to
construct a more detailed microscopic model of the cou-
pled chromatin—factor dynamics.

B. A microscopic model of active epigenetic-state
dynamics

To determine G, we construct a minimal active-
chromatin polymer model in which factor recruitment,
3D polymer structure, and mark dynamics are explicitly
coupled. The model is designed to implement the feed-
back

M — factor recruitment — writing of nearby U — M

(15)
without an explicitly cooperative writing law. Its
purpose is therefore to determine whether microscopic
polymer—factor organization can generate a sufficiently
strong G to produce the two regulatory thresholds aqg
and aoy, thereby partitioning the input into ON, OFF,
and MEMORY regimes.
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FIG. 1. Active chromatin as a self-organized decoder of regulatory input. (A) Top panel: A coarse-grained regulatory
input a acts on active chromatin and is converted into the mark fraction m. Bottom left panel: The stationary condition
a = g(m) = m/[(1 — m)G(m)]. A sufficiently strong state-dependent spatial contribution G(m) makes g(m) nonmonotonic.
Tts local maximum and minimum define the thresholds aon and aof, respectively, partitioning the regulatory input into three
regimes. Above don, only the high-mark state is stable (ON); below aos, only the low-mark state is stable (OFF); between
the two thresholds, both states are stable (MEMORY). Bottom right panel: Schematic responses to time-dependent regulatory
inputs. An input that moves from the OFF to the ON regime and then returns to the OFF regime establishes and subsequently
erases the marked state (top). When the input crosses aon and returns to the MEMORY regime, the established high-mark
state is maintained (middle). Conversely, crossing aos erases a pre-existing high-mark state, and the resulting low-mark state
is maintained after the input returns to the MEMORY regime (bottom). (B) Microscopic realization of the spatial feedback.
Chromatin beads interconvert between unmarked (U) and marked (M) states. Marked chromatin recruits mobile writing-
related trans-factors W, whose local enrichment promotes writing of nearby unmarked chromatin at the rate k;" = wiqw (Ry),
while marks are continuously lost at the rate k; = k_. A focal region Q receives an enhanced writing propensity, w; = xowo,
relative to the background w; = wo. The resulting three-dimensional chromatin—factor self-organization generates the state-
dependent spatial contribution G(m) underlying the nonlinear response in (A).

We model a representative active-chromatin region as
a flexible bead—spring polymer composed of N chromatin
beads. Each bead carries a stochastic internal state, U
or M, denoting the unmarked and marked states, respec-
tively, with M representing a generic active histone mod-

ification. The polymer is surrounded by Ny, mobile par-
ticles, denoted by W, which provide an effectively coarse-
grained representation of writing-related trans-factors,
including writing enzymes and other coactivators. In
our model, we establish a hierarchy of nonbonded in-
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teractions: trans-factors exhibit the strongest attraction
toward marked chromatin €y, followed by a weaker
factor—factor self-association ey vy, while all other back-
ground interactions remain weak (i.e., epyw > eww >
6o‘cher)~

The mark—factor attraction ey is motivated by ex-
perimentally established interactions between active hi-
stone acetylation and transcriptional regulators. The
p300/CBP bromodomain recognizes acetylated H3/H4
tails, while BRD4 binds preferentially to acetylation-
enriched chromatin [36, 37, 42, 43]. Active-chromatin
regulators, including BRD4, MED1, and p300, can also
interact through multivalent protein—protein interactions
and form factor-rich assemblies [38, 40, 41], motivating
a finite factor—factor attraction ey . In the present
model, we choose ey > ewww to make mark-dependent

recruitment the dominant source of feedback. .
k

The chromatin states interconvert according to U; ==

M;, with a uniform mark-loss rate k_. Consistent with
the mean-field theory above, the writing rate is taken to
be locally linear in the abundance of nearby W factors,

ki = wiqw (Ry). (16)

In the microscopic model, this abundance is evaluated
from the instantaneous factor positions as

r
(R = Y KO). K0) = (1= 2 )0 1),
: K
JEW
(17)
where 7;; is the radial distance between chromatin bead
1 and factor j. Thus, the corresponding effective reaction

3
volume is Vi = [ K(r) dr = =K.
We focus on a prescribed chromatin segment €2, within

which the writing propensity is uniformly enhanced,

XaQWo
w; =
Wo

where wy is the background propensity and yq controls
the relative reactivity of the focal segment. The seg-
ment ) represents a locus selected by sequence-specific
regulatory input, such as TF binding at an enhancer or
promoter [48]. The global availability of trans-factors
is controlled independently through their mean density,
pw = Nw/V. Thus, xqwo, pw, and k_ correspond
directly to the quantities entering the regulatory input
a = xowopw Vi /k_.

The theoretical and microscopic descriptions are con-
nected through the constitutive relation G. From the
simulated configurations, we measure the conditional en-
richment of W factors sampled by unmarked beads in
) at a given instantaneous mark fraction m = u. The
resulting G(u) is then inserted into Eq. (12) to predict
the stationary points and saddle boundaries, which are
subsequently tested against the full polymer simulations.

The polymer and trans-factors are evolved by Langevin
molecular dynamics using HOOMD-blue [49], while the

icQ,

i¢Q (18)

internal chromatin states are updated stochastically us-
ing the writing and loss rates evaluated from instanta-
neous configuration, P = 1 — exp (—AAtypdate), Where
A = kf for a U — M transition and A = k_ for
an M — U transition. Our reference system contains
N = 2000 chromatin beads confined within a spherical
volume, with a central segment of 50 beads designated
as ). This geometry provides an effective representation
of a localized active-chromatin region embedded within
a larger polymer environment. Unless otherwise stated,
the interaction parameters, system settings, and reaction
rules are held fixed while yq and py are varied to con-
trol the regulatory input. Further simulation details are
provided in Sec. I of the Supplemental Material (SM)
[50].

III. RESULTS

A. Three-dimensional self-organization generates
nonlinear response

We first examined the dynamical behavior of the mi-
croscopic model. Fig. 2A shows a kymograph of the
mark states along the sequence for a representative pa-
rameter set, together with the instantaneous mark frac-
tion m within €. The trajectory can be divided into
three stages. Initially, stochastic writing and loss events
produce sparse and short-lived marks. Following a suf-
ficiently large fluctuation, the mark fraction increases
rapidly and subsequently approaches a high-m plateau,
while the marked beads remain largely confined to §2.

Representative configurations reveal the spatial origin
of this transition (Fig. 2A). As the local mark fraction
increases, marked chromatin recruits additional trans-
factors. Their local enrichment enhances writing on
nearby unmarked chromatin, further increasing m and
closing the positive-feedback loop. At high 7, marked
chromatin and trans-factors co-organize into a localized
three-dimensional reaction hub maintained under contin-
uous writing and mark loss. The increase in mark frac-
tion is accompanied by a decrease in the radius of gyra-
tion of region  (Fig. S4), showing that the chromatin
conformation reorganizes together with factor recruit-
ment. The writing activity within the hub is substan-
tially higher than in the surrounding chromatin, allow-
ing the marked state to persist despite ongoing turnover.
Related factor-rich assemblies involving active chromatin
and transcriptional coactivators have been extensively
observed experimentally [38, 42].

Using the simulated configurations, we evaluated the
conditional enrichment G(u) defined in Eq. (7) over a
broad range of regulatory inputs a (Fig. 2B). At low u,
G(u) =~ 1, indicating weak factor enrichment around un-
marked chromatin. It then increases sharply over an in-
termediate range of v and gradually saturates at high wu.
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FIG. 2. Three-dimensional self-organization generates a nonlinear regulatory response. (A) Representative mi-
croscopic simulation trajectory. The kymograph shows the mark states along the chromatin sequence, and the corresponding
mark fraction 7 within the focal region €2 is shown as a function of reduced time 7. Representative configurations illustrate the
progressive recruitment of trans-factors and the formation of a localized high-mark state. Gray, green, and blue beads denote
unmarked chromatin, marked chromatin, and trans-factors, respectively. The schematic illustrates the resulting self-organized
reaction hub, within which the local writing rate is substantially higher than that in the surrounding chromatin, k;fub > kjutsi de-
(B) Conditional factor enrichment G(u) measured from simulations across different (xq, pw) conditions. Light-gray points show
measurements from individual conditions, and the gray band denotes the 16th—84th percentile range across conditions. The blue
solid curve is the parameter-balanced consensus. The dashed curve is a fit of Eq. (19) to this consensus, yielding Gmin = 1.08,
A =49.5, K =0.511, and h = 4.34. At a given u, the measured enrichment depends only weakly on (xq, pw), supporting its
representation by a common constitutive function G(u). Inset: reducing the mark—factor attraction eyrw decreases both the
amplitude and the steepness of G(u). (C) Stationary response functions g(m) = m/[(1 — m)G(m)] obtained by evaluating the
corresponding measured relations at u = m. The black curve shows the spatially uniform reference, go(m) = m/(1 — m), for
G(m) = 1. For strong mark—factor attraction, g(m) becomes nonmonotonic, with its local maximum and minimum defining
aon and aom, respectively. Weakening epw shifts the response upward and progressively eliminates the nonmonotonic interval.

This response is well described by the Hill function

uh

K 4 yh’
Although the enrichment could in principle depend on
both the mark fraction and the regulatory input, G =
G(u,a), its measured value at a given u is nearly inde-
pendent of a (Fig. S2). Data obtained under different
regulatory inputs therefore fall approximately on a com-
mon G(u) curve. This supports treating the instanta-
neous mark fraction as a sufficient coarse-grained variable
for closing the microscopic spatial dynamics.

G(u) = Gmin + A (19)

The inset of Fig. 2B shows the effect of varying the
mark—factor attraction epy. Reducing ey weakens
the recruitment of trans-factors by marked chromatin,
thereby decreasing both the amplitude and the steep-
ness of G(u). This result identifies G(u) as a constitu-
tive relation determined by the microscopic interactions
and spatial organization of the system. By compari-
son, varying the factor—factor attraction ey produces
a weaker change in G(u) over the parameter range exam-
ined (Fig. S5A).

Finally, we evaluated the measured and fitted G(u) at
u = m and inserted the resulting G(m) into Eq. (13)
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(Fig. 2C). For the spatially uniform reference with
G(m) = 1, the resulting function go(m) = m/(1 — m)
increases monotonically and generates a single station-
ary state for each a. For sufficiently strong mark—factor
attraction, the measured G(m) instead produces a non-
monotonic g(m) = m/[(1 — m)G(m)], with a local max-
imum and minimum defining ao, and aqg, respectively.
As emw is reduced, the curve shifts upward, the sepa-
ration between the two extrema narrows, and the non-
monotonic region eventually disappears. The micro-
scopic chromatin—factor dynamics therefore generates the
feedback required for the saddle-node structure of the
mean-field theory. We next test whether the resulting
predictions agree quantitatively with the full microscopic
simulations.

B. Microscopic realization of the three regulatory
regimes

The microscopic model contains two main control pa-
rameters: the mean trans-factor density, pw, and the
writing propensity within €, w = yxqwp. For a fixed
G(m), these quantities enter the theory only through the
regulatory input a = yowopw Vk/k—. The two saddle-
node thresholds therefore define the following boundaries
in the (xq, pw) parameter space:

aof—fk,
xowoVk

Aonk—

_— 20
xowo Vi’ (20)

P (xa) = P (xa) =
Between these boundaries, both the low- and high-mark
states are stable, and the current state depends on its
previous state. Above the ao, boundary, only the high-
mark state remains stable, whereas below the a.g bound-
ary, only the low-mark state is stable.

To test these predictions in the microscopic model,
we performed simulations across the (xq,pw) param-
eter space using two initial conditions, 7(0) = 0 and
m(0) = 1, corresponding to fully unmarked and fully
marked states, respectively. For each simulation trajec-

tory k, the first-passage times are defined as

Titn =inf {T >0:m®(r) > mfﬁH} T
Til = inf {7 > 00 (7) < mif

The corresponding finite-time first-passage probabilities
are

Py oy (Tobs) = O (T ~ T8 ), (22)

Ntraj b—1

where X — Y denotes either L — H or H — L. Here,
Pr_ p is measured from Ni.j trajectories initialized at
m(0) = 0 and quantifies passage from the low-mark side
across the threshold, whereas Py_,; is measured from
Niraj trajectories initialized at m(0) = 1 and quantifies

loss of the initially high-mark state. We set thh*H =0.5

and mffl_’L = 0.2. An observation window of T, s = 20

in the reduced time 7 = k_t was used for both directions.

The simulated P;,_. gy and Py_,, are shown in Figs. 3A
and 3B, respectively. For Pr_ p, nearly all trajectories
cross the threshold at large w and high py,, whereas re-
ducing either parameter decreases the passage probabil-
ity. The opposite trend is observed for Py_.;,. We over-
laid the deterministic predictions p{%(xq) and pSf (ya)
on the corresponding heat maps. Both curves closely
track the regions in which the respective passage prob-
abilities approach unity, showing that the mean-field
theory captures the deterministic structure of the two-
parameter space. However, the theory and simulation
results represent different quantities. The thresholds aoy
and aqg are saddle-node points of the deterministic equa-
tion for Ng — oo, whereas the simulated observables
are first-passage probabilities measured in a finite sys-
tem over a finite observation window using prescribed
mark-fraction thresholds. Their boundaries are therefore
not expected to coincide exactly. In particular, changing
Tobs shifts the transition boundary in the simulated heat
maps (Fig. S7). We will treat the finite-system extension
explicitly in the following subsection.

Finally, we combined the two heat maps into an RGB
dynamical regime map (Fig. 3C). Red denotes P, g = 1
and Py_; = 0, for which both initial conditions lead
to, or remain in the high-mark state within the observa-
tion window. This behavior corresponds to the predicted
ON regime. Blue denotes P,y = 0 and Py = 1,
for which both initial conditions lead to the low-mark
state, corresponding to the OFF regime. Green de-
notes Pr_.g = Py_; = 0, indicating that both ini-
tial states are retained, as predicted for the MEMORY
regime. Mixed colors near the boundaries reflect the fi-
nite stochastic system. The resulting map provides a
microscopic realization of the three-regime structure pre-
dicted by the mean-field theory.

C. Finite-system dynamics and kinetic landscapes

Eq. (12) specifies the deterministic drift and fixed
points of the mark fraction, corresponding to the macro-
scopic limit of the dynamics. A real chromatin region,
however, contains a finite number of nucleosomes, and
its state is observed over a finite timescale. We therefore
construct a finite-Ng stochastic extension of Eq. (12).
Let n =0,1,..., Nq denote the number of marked sites
within , and let

n

-+ (23)

mn

denote the mark fraction associated with state n. Let
prn(7) be the probability of observing state n at time 7.
Its evolution obeys

dpn
F - )\nflpnfl + Hn+1Pn+1 — ()\n + ,U/n)pnv (24)



Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.09.16.000342. This version posted September 17, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0
https://creativecommons.org/licenses/by-nc-nd/4.0

A Initial state P;_,y  Fnitial state B Initial state Py Fnitial state
(A) — (B) LS

1.0 1.0

6 6
5] 0.8 5 08
=41 Loe >4 [ 0.6
Q Q
S S
= 3] Theoretical Boun loa =3 Theoretical Boundary loa

PW « @on/Xa Pﬁff o aoff/ X0

ro0.2

Xa
Initial state Final state

—) [ |

|| — ||
—

|| — |
—)

|| —

6

Xa

FIG. 3. Microscopic realization of the ON, OFF, and MEMORY regimes. (A) Finite-time passage probability
P11 (Tobs) over the (xqo, pw) parameter space for simulations initialized in the fully unmarked state, m(0) = 0. Passage to
the high-mark side is defined by the first crossing of m ™ = 0.5. The black dashed curve denotes the mean-field ON boundary,
P (xa) & aon/Xxa. (B) Corresponding passage probability Pr_.r(Tobs) for simulations initialized in the fully marked state,
m(0) = 1, with passage to the low-mark side defined by m{i 7% = 0.2. The black dashed curve denotes the mean-field OFF
boundary, p{if (xa) o aot/xa. An observation window of Tops = 20 in reduced time was used in both directions. (C) Dynamical
regime map obtained by combining the two passage probabilities. Red denotes the ON regime, in which the high-mark state is
established or retained; blue denotes the OFF regime, in which the low-mark state is established or retained; and green denotes
the MEMORY regime, in which both initial states are retained. Mixed colors indicate stochastic transitions near the regime
boundaries. The schematics illustrate the corresponding initial- and final-state relationships. Black dashed curves show the
mean-field ON and OFF boundaries.

with the one-step birth and death rates Solving Eq. (24) with an absorbing boundary at the
prescribed threshold allows us to calculate rigorously the
An = (N —n)ag (my) , Hn =N (25)  finite-time first-passage probability defined in Eq. (22).

The left panels of Figs. 4A and 4B show the results for
the L — H and H — L processes, respectively. When
plotted against the regulatory input a, simulation results
obtained from different combinations of (xq, pw ) approx-
imately collapse onto a common curve. The finite-Ng
theory quantitatively reproduces both directional proba-
bilities without additional fitting. This collapse supports
the identification of a as the effective variable controlling
the mark dynamics and shows that the measured G is
sufficient to predict the stochastic behavior of the finite

Egs. (24) and (25) define a classical birth-death process
for the mark number [46, 51, 52]. In the limit Ng — oo,
its macroscopic drift recovers Eq. (12). Related stochas-
tic models have described nucleosome-modification dy-
namics by prescribing state-dependent transition rates,
with cooperativity introduced directly into these rates to
generate positive feedback and bistability [11, 52]. Here,
the state dependence of the birth rate is instead supplied
by G(m,,), which is measured independently from the mi-
croscopic chromatin—factor dynamics.
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FIG. 4. Finite-system transition dynamics and kinetic landscapes. (A) Low-to-high passage statistics as functions of
the regulatory input a. The left panel shows the finite-time first-passage probability Pr_, g (Tobs), and the right panel shows
the conditional mean first-passage time for trajectories that cross the prescribed threshold within the observation window.
Symbols denote microscopic simulations obtained from different combinations of (xq, pw ), and solid curves are predictions of
the finite-No master equation without additional fitting. (B) Corresponding high-to-low passage probability and conditional
mean first-passage time. Conditional first-passage times in (A) and (B) are reported only when Px .y (ZTobs) > 0.5; error bars
show the standard deviations of the passage times. Gray shading marks the deterministic MEMORY regime, bounded by aos
and aon. (C) Simulated Pr_ 1 (Tobs) (top) and Py (Tobs) (bottom) for different region sizes Ng. The probability transitions
become sharper as Ng increases, while their positions also vary because the constitutive relation Gy, (m) depends on region
size. Dashed lines connect simulation points as guides to the eye. (D) Stationary kinetic landscape A®(my;a) obtained from
the finite- N master equation. Blue and red solid curves denote the low- and high-mark stable branches of the deterministic
equation, respectively, and the black dashed curve denotes the unstable branch. Light-gray lines indicate contours of constant
A®. (E) Landscape cross sections at five representative regulatory inputs, corresponding to low-state monostability, low-favored
bistability, symmetric bistability, high-favored bistability, and high-state monostability.

system. Only trajectories that cross the threshold within the ob-
We further calculate the conditional mean first-passage servation window contribute to the average. The theo-
time,

retical and simulated conditional first-passage times are
(T ) —E[T T < Tond] (26) compared in the right panels of Figs. 4A and 4B, and
X—=Y/cond — X—=Y|LX—>Y = Lobs]-
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are reported only when Px_,y(Tops) > 0.5. The theory
quantitatively reproduces the simulation results in both
directions. Unlike the unconditional mean first-passage
time (I'x v )., the conditional quantity in Eq. (26) is
bounded by Tops and therefore does not diverge as pas-
sage events become rare. The distinction between these
two statistics is shown in Fig. S6.

The finite-system description also makes explicit how
fluctuations in the mark fraction depend on region size.
Over a short time interval A7, Eq. (24) gives

Var [Am | (1) = my,] = /\”]V#AT
Q
(27)
— A= mn)Ga () 110 5 (A2

Nq

where Gy, (m,) emphasizes that the constitutive rela-
tion may itself depend on region size. For fixed transition
rates, the amplitude of m fluctuations therefore decreases
as Ng 12 Consistent with this dependence, the transi-
tions of Px_,y span progressively narrower ranges of a as
Nq increases (Fig. 4C). The transition positions also vary
with Ng because the measured Gy, (m,) depends on re-
gion size (Fig. S5B); the size dependence of Px_,y (Tobs)
therefore reflects changes in both finite-number fluctua-
tions and the spatial structures.

Having validated the finite- N description against the
stochastic passage statistics, we use the same birth—death
process to construct its stationary kinetic landscape. Let
mn(a) denote the stationary probability of observing n
marked sites at regulatory input a. For the discrete mark
fraction m,,, we define

(@)

max  7g(a)
0<k<Nq

A®(mpy;a) = —1In (28)

Thus, A® = 0 at the most probable mark fraction for
each a. This quantity is a kinetic quasipotential derived
from the stationary distribution of the birth—death pro-
cess, rather than a thermodynamic free energy.

Fig. 4D shows A®(m,;a) over the regulatory-input
range, together with the stable and unstable fixed-point
branches of the deterministic equation. The stable
branches approximately trace the locations of the local
basins, while the unstable branch lies near the interven-
ing barrier. Within the MEMORY regime, the two basins
are generally unequal in depth. Fig. 4E shows cross sec-
tions at five representative values of a, corresponding
to low-state monostability, low-favored bistability, sym-
metric bistability, high-favored bistability, and high-state
monostability. As a increases across the bistable inter-
val, the relative depths of the two minima shift contin-
uously from the low-mark basin to the high-mark basin
(Fig. S8), producing corresponding changes in the escape
barriers. The finite-system landscape therefore reveals
differences in the relative stability of the two states and
in the barriers for switching between them within the
MEMORY regime.

1U
D. Response to external perturbations

Active marks can be directly perturbed during tran-
scription [53], replication [54], mitosis [32], and other pro-
cesses. These perturbations affect mark levels in differ-
ent ways: replication can substantially dilute local marks
[24], whereas mitosis involves more complex changes.
Here, we do not model these processes explicitly. In-
stead, we instantaneously delete a fraction fqe of the
existing marks. The polymer and trans-factors are then
allowed to relax with the mark reactions suspended, af-
ter which the reactions are resumed to determine whether
the marked state recovers.

As illustrated in Fig. 5A, within the bistable regime the
system is initially located at the high-state fixed point
my. Deleting a fraction f4e instantaneously reduces m
to (1— faer)mu. If the remaining mark fraction lies above
the basin boundary my, the system returns to the high-
mark state; if it lies below my, it evolves toward the low-
mark state. The deterministic critical deletion fraction
is therefore

muy(a)
my(a)’

faala) =1— (29)

We first tested this prediction in the symmetric
bistable regime. After a moderate perturbation with
faer = 0.3, the system remains within the high-mark
basin and recovers its initial state (Fig. 5B). By contrast,
a stronger perturbation with fqe; = 0.7 moves the sys-
tem below the basin boundary, after which it relaxes to
the low-mark state. The trajectory-averaged mark frac-
tion in Fig. 5C shows the same behavior. At fqe = 0.5,
the perturbed state lies close to the basin boundary, and
independent trajectories can evolve toward either state
with comparable probabilities.

To quantify this stochastic response, we define
Proc(fael, a; Tobs) as the probability that a system ini-
tially in the high-mark state returns to that state after
deletion. Fitting P as a function of fgqe gives an op-
erational estimate of the critical deletion fraction, fggl,
defined by Prec(f3%,a;Tons) = 0.5. A representative fit
is shown in the inset of Fig. 5D.

Fig. 5D shows the resulting fc‘;’gl over the bistable range
of a. Consistent with the progression of kinetic land-
scapes in Fig. 4K, the deletion fraction tolerance increases
with a: the high-mark state becomes progressively more
resistant to mark loss as its basin expands. The deter-
ministic prediction in Eq. (29) qualitatively captures this
trend. We restrict f39 to the bistable regime, where it
measures the boundary between two coexisting basins;
in either monostable regime, no corresponding recovery
threshold is defined.

E. Spatial specificity and dynamic regulation

The theory developed above coarse-grains three-
dimensional chromatin organization into the dynamics of
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FIG. 5. Response to external perturbations. (A) Schematic representation of a cell-cycle-like mark-loss perturbation
in the kinetic landscape. The system is initially located at the high-mark fixed point mu. Deleting a fraction fqer of the
existing marks reduces the mark fraction to (1 — fae1)mu. Recovery occurs if the perturbed state remains above the unstable
fixed point my and therefore within the high-mark basin. (B) Representative kymographs following moderate and strong
perturbations. Marks are deleted and mark reactions are suspended during the interval indicated by the dashed lines. After
reactions are restored, the system either recovers the localized high-mark state for fge1 = 0.3 or relaxes to the low-mark state
for fae = 0.7. (C) Trajectory-averaged mark fraction m following perturbations with different deletion fractions. Shaded
regions indicate standard deviations across trajectories. (D) Deletion tolerance f33 as a function of the regulatory input
within the MEMORY regime. Symbols denote simulation results, and the gray dashed curve shows the deterministic prediction
fSq = 1 — mu/mu. The inset illustrates the operational definition of f33 from the recovery probability, Prec(f539) = 0.5.
Background colors indicate the deterministic OFF, MEMORY, and ON regimes. The recovery threshold is defined only in the
bistable MEMORY regime.

the local mark fraction. It does not, however, resolve the rounding chromatin. We report S(Tops) only for param-
distribution of marks outside the region ). Because spa-  eter sets that reliably establish a marked state within
tially distant chromatin segments can contact 2, writing Q. The resulting specificity over the (xq, pw) parameter
can propagate to other positions along the polymer [7]. space is shown in Fig. 6A. At sufficiently high trans-factor
Parameter sets with comparable local mark fractions can densities, S decreases, indicating increased off-target de-

therefore produce different spatial distributions of marks. position.
To quantify this distinction, we define the spatial speci- A representative spreading trajectory is shown in
ficity Fig. 6B. Marks are initially established within Q. Chro-
N matin segments outside (2 occasionally contact the
ked region in three dimensions and acquire marks
S(t) = (t (1) 30) mar & d .
() %ml( )/z; zi(t) (30) during these encounters. When the trans-factor pool is

K3 1=

sufficiently large, these marks recruit additional factors
Here, S = 1 indicates that all marks are confined to and initiate the same feedback loop outside the region
Q, whereas lower values indicate spreading into the sur- Q. The propagation nevertheless remains limited rather
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FIG. 6. Spatial specificity and dynamic regulation. (A) Spatial specificity S(Tobs) over the (xq, pw) parameter space,
defined as the fraction of all marked sites that lie within the focal region 2. Gray regions denote parameter sets for which a
marked state is not established reliably and specificity is therefore not reported. Increasing the trans-factor density promotes
off-target deposition and reduces spatial specificity. (B) Representative kymographs with high and low spatial specificity
showing the propagation of marks from €2 to distal chromatin segments brought into spatial contact with the marked region.

(C) Activation-maintenance switch for improving spatial specificity. A high trans-factor density pi;"* is applied during activation
and subsequently reduced to pji*™* during maintenance, with R4 /M= P3F /PR ™. The heat map shows the specificity measured

at the end of the maintenance stage over the (xo, Ra/n) parameter space. Reducing the trans-factor density after activation

suppresses off-target propagation while retaining the established marked state within (2.

than extending over the entire polymer, because the fi-
nite trans-factor pool constrains the size of regions that
can sustain this feedback simultaneously. This behavior
is consistent with the role of limited enzyme availability
in stabilizing repressive epigenetic domains [7]. Although
xq and py enter the mean-field dynamics through the
combined regulatory input a < xqpw, they are not
equivalent with respect to spatial specificity. Increas-
ing pw raises the availability of factors throughout the
system. By contrast, increasing xq selectively enhances
writing within Q. It therefore strengthens the kinetic
preference for the region 2 and preserves spatial speci-
ficity.

Increasing pyw promotes rapid and reliable estab-
lishment but also enhances spreading through three-

dimensional contacts, producing a trade-off between es-
tablishment efficiency and spatial specificity. The sepa-
ration between the establishment threshold a,, and the
maintenance threshold a.g suggests a simple resolution.
We consider a two-stage switch consisting of activation
and maintenance. During activation, a high trans-factor
density pict drives the region Q across the ON thresh-
old. The density is subsequently reduced to pB2int | such
that the established focal region remains in the MEM-
ORY regime, whereas background regions enter the OFF
regime. Off-target marks generated during activation can
then no longer be maintained and are progressively re-
moved by turnover.

We implemented this switch in the microscopic simula-
tions and characterized the change in trans-factor density
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FIG. 7. Frequency-dependent hysteresis and three regimes under dynamic stimulation. (A) Mean mark-fraction
responses to triangular-wave regulation at three representative frequencies. The upper panels show the imposed trans-factor
density pw (1), and the lower panels show the resulting hysteresis loops obtained by plotting m against the instantaneous
regulatory input a. Solid curves denote simulation averages, dashed curves are predictions of the finite-Nn master equation,
and shaded regions indicate standard deviations across trajectories. Arrows indicate the direction of time. From left to right,
the stimulus frequencies are v = (1/20, 1/5, 1/2.5) 7='. (B) First- and second-cycle hysteresis areas, A; and As, as functions
of stimulus frequency, with A; = | fcj mda|. Solid curves denote theoretical predictions, symbols denote simulation results,
and error bars indicate standard deviations across independent trajectories. Both loop areas are reduced at excessively low
and high frequencies, while the largest cycle-to-cycle difference occurs at an intermediate frequency. (C) Predicted dynamical
response over the (V, amax) parameter space at fixed amin = 0, starting from the low-mark state. The activation cycle mact is
defined as the first cycle in which the predicted ensemble-averaged mark fraction exceeds the prescribed activation threshold
Mact- Red denotes direct response, for which activation occurs during the first cycle; green denotes temporal integration, for
which residual marks accumulate until activation occurs after multiple cycles; and blue denotes nonresponsive conditions, for
which activation is not reached within the maximum observation window of 20 cycles.

sity suppresses off-target propagation while retaining the
marked state within €.

by the activation-to-maintenance ratio

act

w
maint °
w

Rajv = (31)

F. Response under dynamic regulatory stimulation

The spatial specificity was evaluated at the end of the

maintenance stage. Fig. 6C shows S over the (xq, Ra/nm)
parameter space. A suitable activation-to-maintenance
switch combines reliable establishment with spatially se-
lective maintenance: the high activation density estab-
lishes the focal state, whereas the lower maintenance den-

Thus far, we have characterized the system under
constant regulatory inputs or discrete switches between
input levels. Regulatory activity in biological sys-
tems, however, can also vary continuously over relevant
timescales [55-57]. We therefore examined the response
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to a periodic regulatory stimulus. Specifically, a(7) was
varied linearly between fixed values amyin and amax using
a triangular waveform with stimulus frequency v.

Fig. 7A shows the simulated m—a hysteresis loops at
three representative frequencies. At low frequency, the
system has sufficient time to establish and erase the
marked state within each cycle. At an intermediate fre-
quency, residual marks from the first cycle substantially
alter the response during the subsequent cycle. At high
frequency, a single cycle is too short for either establish-
ment or erasure to be completed, and marks progres-
sively accumulate over multiple cycles. We compared
these results with the hysteresis loops obtained by solv-
ing Eq. (24) under the same time-dependent input. Using
the independently measured G(u), the theory quantita-
tively reproduces the simulated loops without additional
fitting.

To compare the dynamical responses across frequen-
cies, we define the area enclosed by the jth hysteresis

loop as
% mda
c,

J

Aj = ; (32)

where C; denotes the trajectory over cycle j. The loop
area measures the path dependence of the response and
reflects both the finite response time and the retention of
the preceding state. Differences between successive loop
areas provide a measure of how strongly one stimulation
cycle modifies the response to the next.

Fig. 7B compares the theoretical and simulated values
of A1 and As, which again show quantitative agreement.
Both excessively low and excessively high frequencies re-
duce the loop area. At low frequency, the mark fraction
has sufficient time to follow the changing input, and the
area decreases gradually. At high frequency, the mark
fraction cannot respond appreciably within a single cy-
cle, leading to a sharper reduction in area. At an inter-
mediate frequency, A; reaches its maximum, and the dif-
ference A; — A is also largest. The input period is then
comparable to the intrinsic dynamical timescale of the
mark fraction within €2, producing the strongest cycle-
to-cycle history dependence.

Hysteresis itself does not require a state-dependent G.
As shown in Fig. S9, models with constant G = 1, 5, or
40 also produce frequency-dependent hysteresis. Varying
the constant value can reproduce a similar range of loop
areas, but no single constant G captures both their mag-
nitude and the characteristic frequency observed in the
simulations. The measured state-dependent G is there-
fore required to capture the characteristic frequency scale
associated with the realistic cooperative response.

Finally, having validated the theory under time-
dependent inputs, we used it to systematically examine
the response over a broader range of stimulation ampli-
tudes and frequencies. Starting from the low-mark state,
we introduced an activation threshold mg,. and defined
Nact as the first stimulation cycle in which the predicted
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mark fraction exceeds this threshold. For each parame-
ter set, the response was followed for a maximum of 20
cycles. Fig. 7C shows n,et over the (amax, V) parameter
space at fixed amipn.

The response separates into three dynamical regimes.
In the nonresponsive regime, the mark fraction does
not cross the activation threshold within 20 cycles. In
the direct-response regime, activation occurs during the
first cycle. In the temporal-integration regime, a sin-
gle cycle is insufficient for activation, but residual marks
accumulate over repeated cycles until the threshold is
crossed. If mark dynamics is viewed as a decoder of
regulatory signals, the static ON, OFF, and MEMORY
regimes specify the state structure under fixed inputs.
Under time-dependent regulation, the response addition-
ally depends on the competition between the input pe-
riod and the intrinsic dynamical timescale of the marked
region. The system can therefore extend its history de-
pendence beyond the response to an instantaneous regu-
latory strength.

IV. DISCUSSION AND CONCLUSIONS

Previous physical theories of chromatin-based epige-
netic memory have focused mainly on repressive marks
and asked how a mark pattern can be preserved against
turnover, replicative dilution, and other perturbations
[7, 16-18]. These studies established that reader—writer
feedback, three-dimensional spreading, chromatin com-
paction, and limited enzyme availability can stabilize
marked domains over multiple cell generations. Recent
particle-based models have made this spatial mechanism
explicit. Polymer-assisted condensation of HP1 can cre-
ate a liquid reaction container that restores diluted mark
patterns, while Swi6-mediated condensation coupled to
nucleosome reactions can generate bistable and spatially
confined heterochromatic states [19, 20]. In their sys-
tems, the mark pattern is the information to be pre-
served, whereas external regulation is usually held fixed
as a background condition or introduced only as a per-
turbation to the existing state. Active chromatin poses a
different physical problem. Active-mark patterns com-
monly occupy smaller regulatory regions, such as en-
hancers and promoters, than the domains usually con-
sidered in repressive systems [7]. Active marks undergo
rapid turnover within an open chromatin environment
[22, 23, 28, 48]. At these scales, state fluctuations and
local factor availability become important parts of the dy-
namics. Moreover, the mark state is continuously driven
by locus-specific TFs and coactivators [44]. The rele-
vant question is therefore not only whether an active
mark state can persist, but how the existing chromatin
state changes the response to subsequent regulatory in-
put. Our framework makes this input explicit through
a(7) and separates it from the state-dependent spatial
feedback G(m). This separation turns active-mark dy-
namics into an input—output problem: the external drive
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supplies the regulatory signal, whereas the current mark
state modifies its local reaction environment and thereby
alters how that signal is decoded. Epigenetic memory
then emerges as one regime of a broader response ar-
chitecture that also governs state establishment, erasure,
and even the processing of time-dependent inputs.

A possible physical basis for this state-dependent re-
action environment is provided by the dynamic, factor-
rich assemblies observed at active enhancers and promot-
ers, where acetylated chromatin is enriched in BRD4,
p300, MEDI1, and other transcriptional coactivators
[38, 39, 42, 58-60]. Although these assemblies are often
discussed as transcriptional condensates [38], how their
three-dimensional organization contributes to epigenetic
states remains incompletely understood. Our results sug-
gest a possible epigenetic function for such assemblies:
they can provide a local reaction environment in which
the existing mark state controls the enrichment of writ-
ing factors and hence the rate of further mark deposi-
tion. Newly deposited marks then create additional re-
cruitment sites, closing a positive spatial-feedback loop.
This coupling is consistent with molecular mechanisms of
histone acetylation regulation identified in recent exper-
imental studies [36, 37, 60]. To quantify this feedback,
we directly measured the conditional factor enrichment
G(u) from the simulated configurations. In phenomeno-
logical models of epigenetic switching, nonlinear feedback
is commonly prescribed through cooperative transition
rates [11, 52]. Here, the local chromatin-factor interac-
tions and reaction rules are specified, but the nonlinear
dependence of G(m) on m is not. This relation emerges
from the coupled chromatin—factor dynamics. Substitut-
ing the measured G(m) into the theory quantitatively
predicts the deterministic regime and the finite-system
switching probabilities and times, without additional fit-
ting to these observables.

The magnitude and nonlinearity of G(u) are controlled
by the molecular interactions that organize marked chro-
matin and trans-factors. In this model, the trans-factors
W represent a heterogeneous mixture of writing enzymes
and coactivators. Accordingly, ey should be inter-
preted as the combined effect of molecular interactions.
For histone acetylation, such interactions can arise from
the intrinsically disordered regions of BRD4 and MEDI,
as well as from the disordered and structured interac-
tion domains of p300 [38, 40, 61]. In our simulations,
G(m) is more sensitive to ey than to ey over the pa-
rameter range examined. This does not imply a specific
hierarchy between mark—factor and factor—factor inter-
actions in biological systems. In cells, these interaction
channels are likely to act together, with their relative
contributions depending on molecular composition and
regulatory context. Beyond molecular interactions, re-
gion size also affects the response through two distinct
channels. Tt changes Gy, (m) by altering the capacity of
the active region to organize a factor-rich structure, and

it controls the amplitude of finite-number fluctuations,

/

which decreases as N, Y2 This may provide insight into
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the size-dependent function of enhancers [62, 63].

The separation between the establishment threshold
aon and the maintenance threshold aog assigns dis-
tinct biological functions to the ON, MEMORY, and
OFF regimes. During development and differentiation,
cell-fate commitment can require high levels of lineage-
determining transcription factors [64, 65]. These dosage-
dependent fate choices are consistent with the strong
input required to cross a.,. Related establishment—
maintenance asymmetries also occur in transcriptional
memory systems [34]. In our model, however, the
high trans-factor density that promotes reliable estab-
lishment also enhances off-target writing through three-
dimensional contacts. The two thresholds enable a simple
two-stage solution. A strong activation input first drives
the focal region across ao,. The input is then lowered
into the MEMORY regime, retaining the established fo-
cal state while placing background regions in the OFF
regime. Off-target marks produced during establishment
are consequently removed by turnover. Thus, temporal
separation of establishment and maintenance improves
the spatial specificity of the marked state.

Local active-mark levels can be perturbed by DNA
replication, mitosis, and transcription-associated nucle-
osome turnover [23, 24, 32]. Although active domains
lack the stable local recycling of parental nucleosomes
observed in repressed chromatin [24], some active marks
can persist through mitosis and support post-mitotic re-
activation [66]. Our model provides a general framework
for predicting whether a marked state can recover from
these perturbations. Strict memory behavior occurs only
in the MEMORY regime, where mark dilution can be re-
paired provided that the perturbed state remains above
my and within the high-mark basin. This basin expands
as a increases, allowing progressively greater mark loss
to be tolerated, whereas falling below my results in loss
of the marked state.

More generally, regulatory inputs in living cells vary
in amplitude and duration in response to environmental
stimuli, developmental programs, and intracellular sig-
nals [55-57]. Under these conditions, the response of
active chromatin also depends on the competition be-
tween the timescales of regulatory input and mark dy-
namics. Even under a simple periodic input, our model
generates frequency-dependent hysteresis, and the mea-
sured G also quantitatively predicts the simulated loops
without additional fitting. Across stimulus amplitudes
and frequencies, the response separates into nonrespon-
sive, direct-response, and temporal-integration regimes.
In the temporal-integration regime, individual stimula-
tion cycles are insufficient for establishment, but resid-
ual marks accumulate over repeated cycles until activa-
tion occurs. These behaviors provide a possible physical
framework for chromatin-based transcriptional memory
under repeated stimulation [33-35, 67].

The present model only considers a single generic
epigenetic state, a single chromatin segment, and
a coarse-grained description of writing-related trans-
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factors. These limitations also indicate natural direc-
tions for extension. Multiple chromatin regions cou-
pled through three-dimensional contacts and a shared
factor pool could exhibit competitive or cooperative be-
havior, allowing regulatory signals to be encoded in a
network of spatially interacting chromatin states. Such
an extension could provide an epigenetic-state frame-
work for enhancer—promoter communication [68, 69].
The same separation between external input and state-
dependent spatial feedback may also be applied to HP1-
or Polycomb-mediated repressive systems, complement-
ing existing models of state inheritance with an explicit
treatment of changing regulatory conditions [19, 20]. In
these systems, the central question shifts toward how
epigenetic states are transmitted and remodeled across
cell divisions [7, 16, 17, 70]. Addressing this problem
will require extending the framework to multiple chro-
matin regions coupled through three-dimensional contact
networks that, unlike transient enhancer—promoter con-
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tacts, can form more persistent and stable spatial or-
ganizations. More broadly, our results suggest a design
principle for nonequilibrium signal processing: coupling
an external drive to a positive feedback loop enables a
stochastic system to discriminate signal strength, retain
history, and integrate time-dependent inputs.
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