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Biological systems, with many interacting components, face high-dimensional envi-
ronmental fluctuations, ranging from diverse nutrient deprivations to toxins, drugs,
and physical stresses. Yet, many biological control mechanisms are “simple,” i.e.,
restoring homeostasis through low-dimensional representations of the system’s high-
dimensional state. How do low-dimensional controllers maintain homeostasis in
high-dimensional systems? We develop an analytically tractable model of integral
feedback for complex systems in fluctuating environments. We find that selection
for homeostasis leads to the emergence of a soft mode that provides the dimensionality
reduction required for the functioning of simple controllers. Our theory predicts
that simple controllers that buffer environmental perturbations (e.g., stress response
pathways) will also buffer mutational perturbation, an equivalence we test using
experimental data across 5,000 strains in the yeast knockout collection. We also
predict, counterintuitively, that knocking out a simple controller will decrease the
dimensionality of the response to environmental change; we outline transcriptomics
tests to validate this. Our work suggests an evolutionary origin of soft modes, with
implications ranging from cryptic genetic variation to global epistasis.

soft modes | dimensionality reduction | stress response

How can a complex system be maintained at homeostasis without a controller that is as
complex as the system itself? Biological organisms have many possible internal degrees
of freedom—even single celled organisms have thousands of genes that interact via
complex regulatory networks (1). These organisms are able to survive in face of diverse
environmental fluctuations that perturb them in a high dimensional way; for example,
environmental perturbations can involve different toxins, drugs, and physical stresses like
temperature, pH, or osmolarity or the deprivation of different combinations of nutrients.

Naively, homeostasis of such complex systems subject to high-dimensional fluctuations
would require a complex controller. For example, a controller might need to monitor
many specific aspects of the system state. This could include separately sensing the impacts
of amino acid deprivation, carbon limitation, nitrogen limitation, and ribosome-targeting
antibiotics, while taking distinct restorative actions for each. However, such a complex
controller might be prohibitively costly for an organism to maintain.

In contrast, many low-dimensional controllers have been documented across biology—
these controllers project the high-dimensional state of the organism to much lower
dimensional space and take restorative actions based on this projection (Fig. 1A4). For
example, in bacteria, while uncharged tRNAs for the distinct amino acids, carbon and
phosphate deficiency, and temperature stress represent distinct types of environmental
stress, they all converge to modulate the concentration of a single molecule, (p)ppGpp;
this low-dimensional representation of the high-dimensional stresses then determines the
‘stringent response’, regulating transcription, translation, replication, and other aspects
of bacterial physiology (2-4) (Fig. 1C).

Similarly, diverse aspects of the environment experienced by yeast—glucose levels,
amino acid abundance, nitrogen state, and osmotic stress—are integrated into the level
of cAMP (5, 6) (Fig. 1B). While distinct receptors are dedicated to sensing these
different environmental perturbations, their downstream signals are projected down
onto a low dimensional variable, the level of cAMP. The integrated cAMP variable then
influences diverse downstream processes including transcriptional regulation, metabolic
adjustments, and cell cycle control. In the innate immune system, the cAMP pathway
homologously senses diverse immune signaling molecules and controls complex immune
behavior, including phagocytosis and antimicrobial activity (7, 8).

Here, we build a theoretical framework to understand conditions where simple
controllers control complex high-dimensional systems. We define “simple” controllers as
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integral feedback mechanisms that regulate a high-dimensional
system by first projecting its state onto a low-dimensional
representation before sensing and acting. In contrast, “complex”
controllers directly monitor and respond to multiple indepen-
dent aspects of the system’s state without such dimensionality
reduction. Using simulations of gene regulatory networks and an
analytically tractable model of integral feedback control, we show
that selection for homeostasis leads to the evolution of a soft mode
(alternatively called a dynamical slow mode or slow manifold) in
the organism’s dynamics if the controller is constrained to be
simple. A soft or slow mode is a mode that relaxes slowly; when
a system with a soft mode or modes is perturbed in the absence
of a control mechanism, some components of the perturbation
will decay quickly (stiff directions) while others decay much more
slowly (soft directions). That the mode is soft means that arbitrary
perturbations will tend to push the system along that mode (9—
12). First described by Ginzburg and Anderson in the context
of ferroelectricity, soft or slow modes are a common feature of
dynamical systems, from condensed matter physics to biological
systems (13, 14).

Our framework makes surprising predictions that we test
with empirical data. Our model predicts that proteins mediating
environmental robustness, such as stress response factors, also
facilitate mutational robustness, a prediction we test using data
from 5,000 strains in a yeast knockout collection (15, 16).
Our framework predicts that knocking out a controller will
reduce the dimensionality of environmental perturbation effects,
a prediction supported by yeast transcriptomic data, with further
experiments suggested.

Prior works have presented explanations that invoke soft
modes for the widely observed low dimensional nature of
biological systems. These works predict soft modes with a specific
structure—for example, the soft mode facilitates communication
through allostery in proteins (17-21) or is an internal model
of low-dimensional structure in the external world (22, 23). In
contrast, in our framework, the soft mode does not need to
point in any particular direction in state space, as we do not
assign any specific function to the direction of the soft mode.
Instead, the presence of any soft mode leads to dimensionality
reduction that can be exploited by simple feedback controllers.
Large-scale datasets increasingly reveal low-dimensional structure
in biological systems across different scales. Our work provides a
scale-independent mechanistic explanation for this phenomenon
while offering testable predictions for future studies examining
both environmental and genetic variation.

Results

In-Silico Evolution Simulations. How are simple controllers able
to regulate high dimensional biological systems in the face of
diverse challenges? To address this question, we consider a
model of a complex gene regulatory network that has a stable
point and can be disturbed by high-dimensional environmental
perturbations acting on different network nodes (Fig. 24):

dn, np
— —Ja = ab™— - a a 1
. fa(n) Xb:kbﬂb+1§;b+5€ (t)n [1]

where 7, is the expression level of gene # and 4, and K, define
the interactions between genes « and &, ¢, represents environ-
mental fluctuations that act on different genes 4 of the network.
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Fig. 1. (A) Low-dimensional controllers—controllers that project the high-
dimensional state of the organism and the environment to much lower
dimensional space and take restorative actions based on this projection—
are found throughout biological systems. (B) The cAMP pathway is a low-
dimensional controller across eukaryotes: in yeast, diverse environmental
inputs (glucose levels, amino acid abundance, nitrogen state, osmotic stress)
are integrated into a single cAMP concentration, which then coordinates
transcriptional regulation, metabolic adjustments, and cell cycle control.
(C) The stringent response is a prokaryotic low-dimensional controller:
multiple stress signals (including carbon deficiency, phosphate deficiency,
and temperature stress) are integrated into the concentration of (p)ppGpp,
which accordingly reprograms the entire cellular physiology.

We now add an integral feedback controller that tries to
restore homeostasis—to return the system to its fixed point xo,
despite environmental fluctuations ¢(#). Integral feedback control
mechanisms are widely implemented at the cellular level in
organisms for maintaining homeostasis and responding robustly
to environmental conditions (24-27).

Integral feedback is often formulated for a single variable 7(¢)
and is based on computing an integrated error signal,

I(t)=¢ /f Sn(t')dt' + c,6n(t), [2]

where 67(¢) = n(t) — ny is the error signal, i.e., deviation from
the fixed point 7y (Fig. 2B); ¢;, ¢, are the gain parameters for
the integral and proportional parts of the feedback control. This
integrated error signal is then used to take restorative action for
n(t), e.g., dn/dt = f(n) — I(2).

For our high-dimensional system, we consider an integral
feedback controller that measures o independent integrated error
signals 7;, 7 = 1, ...d, each of which measures the deviation of
a different linear combinations; - 7 = Y s¢n, of the nodes 7,
from their set points,

L) = oG- n()) + ¢ / G -on(e)de. 3]

Integral feedback controllers allow restoration to the original
fixed point despite constant forcing, while proportional-only
controllers incompletely restore toward the fixed point (24).
When the number of measurements () equals the total number
of nodes (V), the controller can monitor the complete state
of the system, sensing N combinations 5; - én of deviations.
However, if 4 < N, the controller must work with incomplete
information, monitoring only a simplified version of the system’s
full state, a 4-dimensional projection of the /V dimensional state
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Fig. 2. Selection for environmental robustness in a system with a low complexity controller leads to the evolution of a dynamical soft mode. (A) We simulate
a simple model of a gene regulatory network. In gray, Michaelis-Menten kinetics govern interactions between genes, while the controller mechanism and
environmental forcing terms are highlighted in green and purple, respectively. The controller measures N nodes, projects them down to d random and
independent combinations, and then acts on m nodes based on that project. d = 1 resembles the simple controllers found in biology while large d correspond
to more complex controllers. (B) Selection for robust networks, quantified by the normalized average deviation from the WT fixed point in the presence of a
low or intermediate complexity controller (C) leads to an increase in the mode gap of the system (d = 1, 5, 10, 25). Selection for robustness in the presence of a

high complexity controller does not lead to an increase in mode gap (d = 30).

of the system. Intuitively, & can be understood as the internal
complexity of the controller as shown in Fig. 24. The simplest
case, 4 = 1, represents a controller like those often seen in
biological systems—where diverse signals are compressed into a
single measure like cAMP or ppGpp levels.

To understand how controllers with low 4 values could
ever be effective, we turn to in silico evolution of genetic
networks under fluctuating environmental conditions (Fig. 24).
We vary the controller complexity (4 = 1,5, 10, 25, 30) and
evolved parameters of the underlying dynamical system (here, 4,
and K;)

Zaa [4]

dn, np
— = kgpy————— 4 Seu(
d Xb: aénb + Kb ﬂ i=1

We add a controller that tries to restore the system to the wild
type fixed point in the face of environmental challenges:

dn, np
o Zk: /@zbm — a,5 + Segny,, [5]
s=¢p(s- 6n) + ¢; f(? sn)ds, [6]
PNAS
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where 5,2 are parameters that determine the behavior of the
controller and 67 is 7wt — 7, the deviation from the WT fixed
point (Fig. 2B). We define the fitness cost of the system as the
failure to maintain homeostasis. We quantify this by computing
the residual deviation from the fixed point—the absolute value of

61, normalized by the overall stiffness of the system, averaged over

many different values of environmental fluctuations geeny. We
simulate the evolution of the network parameters 4, K, selection
for higher fitness using a simulated annealing Markov Chain
Monte Carlo protocol (ST Appendix).

We find different results for low and high 4: low and
intermediate controller complexity (d = 1,5, 10, 25) leads to
dimensionality reduction in the controlled system itself while
high 4 (4 30) controllers allow the system to retain a high
dimensional response to perturbations (Fig. 2C). Selection for
robustness with a low complexity controller leads to a reduction
in the system’s mode gap—the ratio of the second and first
eigenmodes of the system around its fixed point, j—:}, which
corresponds to the emergence of a soft mode that channels
perturbations—when arbitrarily perturbed, the system tends to
move along this mode, making it easier for the simple controller
to detect and correct deviations.

A single soft mode is not in principle necessary for low
complexity controllers with more than one dimension to re-
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spond to environmental perturbations, as they could channel
perturbations across a number of soft modes that correspond to
the dimensionality of the controller. However, our simulations,
which use annealing protocols to simulate evolution, still lead to
the emergence of a single soft mode in such systems. A single soft
mode may be more entropically favored than a more diffuse chan-
neling of environmental perturbations across controller nodes.
Intermediate complexity controllers that develop a single soft
mode see marginal benefit to additional complexity; imposing a
modest cost on controller complexity could lead to degeneration
of complex controllers into simple ones. Our simulations also
show that lower complexity controllers typically achieve relative
robustness gains more rapidly during evolution than higher
complexity controllers (S/ Appendix, Fig. S1B). We also note
that our result—simple controllers select for soft modes—is
not dependent on our choice of control architecture—simple
proportional controllers can also leverage soft mode mediated
low dimensionality (S/ Appendix, Fig. S1C).

We further analyzed the implications of this emergent redun-
dancy for the evolution of controller complexity (S/ Appendix,
section 1.3). We find that because additional controller nodes
offer only marginal robustness benefits once a dominant soft
mode has evolved, even modest metabolic costs are sufficient
to make one-dimensional controllers optimal. This suggests
that low-dimensional biological controllers like the ppGpp and
cAMP pathways may represent evolutionary endpoints where
controller complexity has been trimmed to match the effective
dimensionality of soft-mode-mediated control.

In this work, we propose one possible origin for soft modes
in biological systems. Indeed, it is possible that soft modes may
evolve for one reason but then acquire new roles in the cell,
including for adaptive adjustment of the internal state along
the soft mode in response to the environment . The case of
ppGpp perhaps reflects both selection pressures (28, 29). To
address this, we perform simulations on our already-evolved
soft mode mediated low complexity controlled networks, but
varying the homeostatic optimum (corresponding to different
environmental contexts over time), showing that soft mode
mediated homeostatic control can easily evolve to vary state along

the soft mode (87 Appendix, Fig. S2).

Analytic Theory for a Low Complexity Controller. Here we use
a simple analytically tractable model of integral feedback control
to build intuition about the fitness value of a mode gap and
the resulting soft mode. Consider a system with dynamics f
in the absence of any control but is subject to environmental
perturbations

-

dx IR
jj: :f(x) + Cenps [7]

where ¢,,, represents high-dimensional environmental perturba-
tions to the state of the system Xx.

In such a system, the impact 6x of environment perturbation
on the state of the system will be of the form,

6% = J 6o (8]

tialf; \ . . .
where [, = {%} is the Jacobian with respect to the state x of
5

the system.

The distribution of eigenvalues {Ag, A1...4,} of J, affects the
behavior of the system in response to environmental perturba-
tions.

https://doi.org/10.1073/pnas.2523032123

We find that the impact of environmental perturbations 5x will
be as high dimensional as the environmental perturbations 8¢,
in the absence of a mode gap but can be much lower dimensional
with a mode gap.

Concretely, if we consider an ensemble of environmental
perturbations { 8eny)}, We can quantify its effective dimensionality
using effective rank (30):

rankei({leon)) = exp (= Y piloglp)). 9]

where p; is the fraction of variance explained by the 7th principal
component.

We can in the same way compute the effective rank of the
ensemble of the impacts of these environmental perturbations
rank.g({6x}) We can show that it has the same effective rank
as the ensemble of the environmental perturbations that caused
them:

rankeg({6x}) & rankegr({8een)),

with the assumption that all eigenvalues of /. are the same value,
4 (Fig. 34).

On the other hand, if the eigenvalues show a mode gap (i.e.,
% > 1), the effective rank rankeff({é_'x}) can be lower than that

of rankeff({é_)efm,}). If we consider a system with a single soft mode
Ao and all other modes A, with a mode gap /1—’10 and an ensemble
~ N(0,0)

of perturbations where each entry 6¢,,,, ;
rankeff({geem,}) > rankeff({é_.x}) [10]

The effective rank rankeg({gx}) is greatly reduced from
rankef({Seony}) (see ST Appendix for full derivation).

Intuitively, the effective rank (or dimensionality) of {6x},
the impact of environmental perturbations, can be much lower

dimensional than the environmental perturbations {e.,,} if the
system’s Jacobian J, has a soft mode that dominates the effect of
perturbations (Fig. 3B).

We now show that integral feedback can exploit this reduced
dimensionality of impacts x to function effectively despite the
high dimensional nature of environmental fluctuations e,,,. We
consider integral feedback of low complexity, i.e., a single sensing
vector 5 compresses information about the state of the system
into a one-dimensional scalar (Fig. 3E). Integral feedback tries
to restore the system based on this scalar s by acting along an
action vector 4, determining the direction the integral feedback
restores along. k; and &, are the integral and proportion terms,
respectively.

% = F(E) + 6ony — :z[kp(}. &%) + k; / G- 5}),#]. [11]

We consider the linear regime about the fixed point. Solving for

the impact vector éx in the presence of a controller, we find,

b
5x:56—<f’ )a [12]
a-s

with rescalings Se; = S€en,i/ Ai» and Sa; = ba;/ A;.

As before, we consider a system with one soft mode 4p and
other modes of faster and equal 4. We consider sensing ¥ and
action 2 unit vectors that sense and act on a direction that is a
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Fig. 3.

(A) In systems with no significant mode gap, relaxation trajectories are diverse, and perturbations push the system in arbitrary directions. (B) A low

complexity controller is not effective in the face of diverse perturbations. (C) In systems with a significant mode gap, a quick relaxation to the soft mode is
followed by slow relaxation along the soft mode. Environmental and mutational perturbations push the system largely along the soft mode. (D) A simple
controller can nevertheless be effective because all it needs to do is sense and act on the soft mode. (E) In a linear model of a simple controller with integral
feedback, as mode gap increases, (F) As mode gap increases, the normalized average effect of a perturbation (||6x||) decreases, see Eq. 14. (G) As dimensionality
of the system increases, the difference in normalized (||6x||) between a system with a small mode gap and a large mode gap increases.

linear combination of the soft mode itself 7y and a unit vector in
the direction of the mean perturbation fi: 2 = By ++/1 — B2,
5= apy + V1 — a?ii. We find the expectation value (||6_;c||2)
over a normally distributed Se as a function of mode gap 4/ Ao,
the variance and mean of the normal distribution &,,, and j,,,
and the parameters a, f. We find that in the limit of a large mode
gap 4/A > 1, the optimal values of a, § are both 1. As the mode

PNAS 2026 Vol. 123 No. 17 e2523032123

gap 4/Ao increases, the optimal #,5 vectors (that is, those that

minimize (| |5_>x| ) align with the soft mode vy (see SI Appendix
for a full derivation). With optimal controller parameters a, f,
in this limit the expectation value of the effect of a perturbation
reduces to

- 1
(16e1 411y = =

(16xI1) = -

1
2 (13]
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The soft mode is completely canceled, and all that is left is
the effect on the uncontrolled fast modes. The expectation

value (||5_’x||) with optimal 4,5 normalized by the effect of an
uncontrolled perturbation decreases as mode gap increases—a
higher mode gap leads to a more robust system, given a low
dimensional controller (Fig. 3E).

Y izo(H; +07)

X2+ 02) + (32020 + o)
- (14]
The fitness benefit of a high mode gap—(||6x|)1/4,=1 —

(1185 1) norm =

(116xI1) 4/ 20=100—increases with the overall dimensionality of
the system IV (Fig. 3G, see SI Appendix for full derivation). Our
simple analytic model above shows how soft modes can reduce
the effective dimensionality of the effect of perturbations on a
system, and in turn how simple controllers can thus select for
soft modes to facilitate robustness.

Environmental Buffers Are Mutational Buffers.

Theory. Our model of soft mode mediated response to envi-
ronmental challenges in living systems predicts dual buffering—
mechanisms that buffer environmental perturbations should also
buffer mutational perturbations. This dual ability to buffer
environmental stressors as well as mutations has been noted since
the 1990s in the case of the heat shock system in Drosophila
(31, 32), and more recently in the context of yeast (33) and
Escherichia coli (34). In a simple linear model, the change in state

due to environmental perturbation &é is §,x ~ Y, J”T"E"Z,-. The
- - 580
change to the cell state due to mutation &g is 5,x ~ > Jg%vi.
If A1 > A~ then
. Jég-on
b~ S, [15]
1
and 5.5
- [N % N
PSSR LAY [16]

1

Both kinds of perturbations will tend to be aligned. This
alignment between the effects of mutational and environmental
perturbation has also been observed empirically in proteins
(35, 36).If a controller restores homeostasis by sensing the
position of the system and restoring it along this mode, it will
thus be able to buffer both kinds of challenges (Fig. 4A).

We use our simulations from above to explore dual buffering.
We simulate the effect of mutational perturbations by introduc-
ing small changes to the interaction parameters of our Michaelis—
Menten network, and test how low complexity controllers buffer
the effects of mutations. We reuse controller parameters selected
for environmental robustness. When there is a large mode gap,
a controller that has evolved to buffer the effects of mutational
forcing is able to buffer the effects of mutations as well (Fig. 4B).
Our model of stress response and low dimensionality thus makes
a prediction testable in perturbative experiments.

Empirical Results. In light of the aforementioned prior studies
that have argued that mechanisms that facilitate environmental
robustness also buffer mutations, and in the context of our
theory, we reanalyze the data from two experiment studies which
collected high-throughput fitness data on yeast grown subject to
different kinds of mutational and environmental perturbations.
Two experimental studies collected high-throughput fitness data
on yeast grown subject to different kinds of mutational and

https://doi.org/10.1073/pnas.2523032123

environmental perturbations, shedding light on dual buffering in
living cells (15, 16). A library of yeast strains with all nonessential
gene knockouts had previously been assembled (37). In one
experiment, this library was used to create a library of all possible
pairwise double knockouts, which we term GxG (essential gene
knockdowns were also assayed, as well as a subset of triple gene
knockouts and knockdowns, but we do not analyze them in
this work) (15). The fitness of the yeast strains in the GxG
library was then assayed using an automated colony size protocol
(Fig. 4C). In another experiment by the same group, each strain
from the same single gene knockout library was subject to 14
diverse environmental perturbations (GxE). The fitness of each
strain-environment combination was then assayed using the same
colony size quantification protocol (16). In these experiments,
the fitnesses of the single knockouts (G) and WT subject to
environmental stresses (E) were also quantified using the same
protocol.

To identify genes that buffer environmental or mutational
perturbations, we first identify pairs of knockouts (in the
GxG experiment) or knockout-environment pairs (in the GxE
experiment) where there is a significant negative nonadditive
effect of the pair of perturbations (beyond the independent
effects of the knockouts or the knockout and the environment,
known from the G and E datasets). We use the same significance
test as the authors of the original studies for identifying
significant negative interactions (S/ Appendix). In the GxG
experiment, this is equivalent to identifying significant negative
epistatic interactions. Genes which have many negative epistatic
interactions with other genes are buffering many genes—the
absence of the buffering gene increases the fitness cost of many
other mutations. Similarly, genes with many significant negative
interactions with environmental conditions buffer the effect of
the environments—the absence of the gene increases the fitness
cost of many environments.

We find that genes that buffer many environmental conditions
are more likely to buffer the effects of many mutational
perturbations. We show this with a plot of histograms of genes
by the number of knockouts the buffer, binned by the number
of environmental conditions they buffer (Fig. 4D). Genes that
buffer 6 or 7 environmental conditions are much more likely to
buffer the effects of 300 or more genes than genes that buffer
only 1 or 2 environmental conditions. One of the environmental
challenges was subjecting the cells to Rapamycin, which is an
mTOR inhibitor (38). If we treat this as equivalent to an mTOR
knockdown and apply the same analysis as above, we find that
mTOR is buffering over the effect of over 400 knockouts.

These experiments show that genes that are able to buffer
many environmental challenges are more likely to buffer many
mutational challenges, in line with our theoretical predictions.

Dimensionality Increase by Controllers. We simulate the effects
of diverse environmental perturbations in our system with and
without the controller knocked out, using our coevolved con-
troller and soft-mode containing network. We apply many high
dimensional environmental perturbations to the system, and then
perform principal component analysis (PCA) on the resulting
states (Fig. 5A4). We show that the effective dimensionality is in
fact lower once the controller is knocked out—the first principal
component captures a much larger share of the variation caused
by environmental challenges in the absence of the controller. In
our model, the system evolves a soft mode, but because the mode
is effectively buffered by a controller, the controlled system does
not have an exposed soft mode. If the controller that listens to
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Fig. 4. Soft modes allow controllers of environmental perturbations to also buffer mutational perturbations (dual buffering). (A) Soft modes channel all
perturbations, regardless if they are environmental or mutational, along that mode; accordingly, a controller that senses and restores the state of the system
along that mode is effective against both kinds of challenges. (B) Our simulations demonstrate that low complexity controllers,with controller parameters
selected for environmental robustness, can buffer mutational perturbations in networks with a large mode gap. The “uncontrolled” distribution in orange
corresponds to the effects of mutational perturbations on the network in the absence of the controller; the “controlled” distribution in blue corresponds to the
effects of the same set of mutational perturbations, but in the presence of the soft mode mediated controller. (C) Two experimental studies measured yeast
fitness: one using a library of all possible pairwise nonessential gene knockouts (GxG) (15) and another exposing single gene knockout strains to 14 diverse
environmental perturbations (GxE) (16), both quantified via automated colony size measurements. (D) Significant GXE and GxG interactions were identified
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plotted. Genes buffering multiple environmental conditions are significantly more likely to buffer numerous mutational perturbations, with genes buffering 6 to
7 environmental conditions much more likely to buffer 300+ gene knockouts than those buffering only 1 to 2 conditions, supporting our theoretical predictions
of dual buffering.

and restores homeostasis along the soft mode is knocked out,
however, the knockout will expose the soft mode (Fig. 5B). This
has the counterintuitive effect of reducing the dimensionality
of the effects of environmental perturbations. Since the soft
mode is soft, but uncontrolled with the controller knocked out,
environmental stresses will disproportionately push the system
along that mode in the absence of the controller.

Empirical Results. In another experimental study, the effects of
kinase inhibition and environmental stresses on gene expression
in yeast were investigated (39). Given that Tpk123 mediates the

PNAS 2026 Vol. 123 No. 17 e2523032123

cyclic AMP system in yeast, a system which we have identified
as system with a low dimensional controller architecture, we
use these data to interrogate whether disabling Tpk123 leads to
dimensionality reduction. A panel of 32 mutant kinase strains,
which allow for selective inhibition of the mutant kinase, along
with wild-type replicates were grown to exponential phase in
rich media (Fig. 5C). The 32 yeast strains were subjected to 10
different environmental conditions: rich media (YPD), synthetic
media (SDC), heat shock (39 °C), hyperosmotic shock (0.5 M

NaCl), glucose depletion, endoplasmic reticulum stress (tuni-

https://doi.org/10.1073/pnas.2523032123
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camycin), oxidative stress (menadione), proteotoxic stress (AZC),
TOR inhibition (rapamycin), and antifungal drug exposure
(fluconazole). After 20 min of exposure to each condition, cells
were harvested and bulk transcriptomic datasets were collected.
In this work, we will focus on a comparison of Tpk123 inhibition
with the WT controls.

To investigate the effect of knocking out a low dimensional
controller, we analyze the processed data from the original
study—DESeq2 had been used to generate normalized expression
values (40), and then the log2 fold change of each gene in each
sample with respect to wild type cells in YPD was calculated.
The original study computed t-distributed stochastic neighbor
embedding (t-SNE) (41) analysis (following PCA) of the data
from the original study.

We find that diverse environmental challenges lead to a
stereotyped transcriptional response in the context of Tpk123
inhibition. The t-SNE analysis shows that the diverse envi-
ronmental challenges tend to push the transcriptional state
of the yeast cells in idiosyncratic ways in the absence of
Tpk123 inhibition (even when other kinases are inhibited)—
samples cluster on the basis of environmental perturbation. In
contrast, Tpk123 inhibited cells cluster together, across diverse
perturbations (Fig. 5 D—F). Note that following normalization,
which was conducted on the transcriptomic data, we expect low
dimensional data to cluster, instead of showing a single dominant
PC, as a consequence of projection onto the simplex (42).

If indeed a simple controller is buffering environmental
challenges by listening to and restoring the cell state along a soft
mode, inhibiting the controller will expose a soft mode. Diverse
challenges in the absence of the controller will tend to push the
system along the soft mode, and the observed dimensionality of
the state of the cell will be lower across perturbations than in the
presence of the controller. In the presence of the controller, the
soft mode is controlled, and environmental perturbations appear
distinct across genetic contexts, as they have idiosyncratic effects
not canceled by the control mechanism.

This prediction is specific to our framework for explaining the
function and origin of soft modes. If the soft mode is mediating
plasticity, instead of facilitating return to a homeostatic fixed
point, we should expect the state of the system to vary along
the soft mode across environmental states, and do not necessarily
expect as strong a dimensionality reduction following controller
knockout.

Discussion

We developed a theoretical framework linking the complexity
of biological controllers to the emergence of soft modes in
the systems they regulate. Using an analytically tractable model
and simulations of high-dimensional nonlinear gene regulatory
networks, we show that when controllers are constrained to
be simple, selection for robustness drives the formation of a
dominant soft mode that channels perturbations into a low-
dimensional subspace the controller can sense and correct.
Conversely, when controller complexity is unconstrained, co-
evolution naturally produces hierarchical mode structures that
render most controller nodes redundant; any nonzero cost to
controller complexity then selects for simple controllers. Our
framework predicts that environmental buffers should also buffer
mutations and that controller knockouts should reduce the
dimensionality of stress responses; we tested and found support
for both predictions in large-scale yeast fitness and transcriptomic
data.

https://doi.org/10.1073/pnas.2523032123

Low effective dimensionality in naively high-dimensional
biological systems has been observed across scales, from proteins
to gene expression to neural activity (10, 43—49). The adaptive
immune system is perhaps one exceptional example of a high
dimensional controller, if one conceptualizes the distribution and
behavior of antigen-specific clonotypes in the immune repertoires
as an internal representation mediating a control process. It has
been argued that soft modes may mediate this low dimensionality
in many contexts (10, 12, 20), but generic reasons for the
emergence of such dimensionality reduction have been actively
sought (11, 50, 51). Mathematical results like the Johnson—
Lindenstrauss lemma demonstrate that high-dimensional data
can in principle be embedded in lower dimensions without
significant distortion but they do not specify how a physical
system would implement such projection. Our work shows
an evolutionary pathway by which biological systems come
to achieve this dimensionality reduction through soft mode
formation.

Others have proposed alternative origins for soft modes.
Selection for allosteric communication can lead to soft modes
(18, 20), as can the need for low-dimensional internal models of
the external world (22, 23). In prior work on modularity, low-
dimensional external perturbations become reflected in internal
dimensionality (22, 50). In contrast, our model does not assume
low-dimensional external perturbations; the system itself evolves
low-dimensional internal effects so that a simple controller
can be effective. Yet others have argued that evolvability, an
indirect function subject to second-order selection, has led to the
evolution of soft modes (21, 23, 52, 53). These origins need not
be mutually exclusive; soft modes evolved for one reason may be
co-opted for others. Indeed, the duality between environmental
and mutational robustness means it may not be possible to
distinguish whether soft modes originally arose from selection
for stress response or for enhancing genetic variation available for
natural selection to act on.

Our framework makes testable predictions about biological
systems where robustness is mediated by a soft mode. We
predict that if a controller senses and acts on a soft mode, even
if evolution selected exclusively for environmental robustness,
such a controller would also facilitate mutational robustness.
This suggests that genes buffering mutations tend to buffer
environmental stresses as well. We test this prediction using
fitness data from high-throughput yeast experiments exploring
interactions between mutations and environmental stresses,
finding support for this dual buffering (15, 16). We also
predict that knocking out a controller exposes a soft mode to
perturbations, counterintuitively reducing the dimensionality of
environmental responses. We find preliminary support for this
prediction in yeast kinase knockout transcriptomic data, where
Tpk123 inhibition leads to stereotyped transcriptional responses
across diverse environmental conditions (39).

Several open questions remain. While we focus on homeostatic
controllers that restore a fixed point, real controllers like ppGpp
also mediate adaptive plasticity (28, 29), adjusting the target state
along the soft mode in response to environmental context (54).
Our simulations suggest soft modes selected for homeostasis can
evolve to facilitate such plasticity (S7 Appendix, Fig. S4), but a
fuller treatment of soft mode-mediated control for both adaptive
plasticity and homeostasis awaits future work. Relatedly, our
prediction that controller knockout reduces response dimension-
ality is specific to homeostatic control; if a soft mode instead
mediates adaptive plasticity, knockout may produce different
phenotypes, a distinction that could guide experimental tests.
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Fig. 5. Soft modes imply that knocking out a controller will, counterintuitively, reduce the dimensionality of an environmental perturbation. (A) We simulated
the effects of diverse environmental perturbations on our coevolved network and soft mode mediated simple controller with and without the controller
knocked-out. We apply PCA to the simulation results, showing the reduction of dimensionality due to the knockout. (B) Without a controller, perturbations
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Further, unlike explanations of soft modes based on functions  possibility that remains to be investigated. Real cells also employ
such as allostery, our framework does not require the soft mode =~ multiple low-dimensional controllers (e.g., both ppGpp and
to point in a specific direction; however, the direction that ~ cAMP systems); how such controllers interact and whether they

emerges may subsequently be co-opted for cellular function, a  select for shared or distinct soft modes invites further inquiry.

PNAS 2026 Vol. 123 No. 17 e2523032123 https://doi.org/10.1073/pnas.2523032123 9 of 11



Downloaded from https://www.pnas.org by UNIVERSITY OF CAMBRIDGE on July 20, 2026 from |P address 131.111.185.104.

10 of 11

More generally, the de novo origin of controller topology, i.c.,
how a cell evolves from a state with no active control to any
controller architecture, remains an open question for further
theoretical inquiry.

Finally, theoretical and experimental work on the dynamic re-
sponses after controller knockouts could provide further support
for our framework. In the presence of a controller, our framework
generally implies that trajectories from diverse perturbations
should diverge over time (reflecting distinct stresses), as the
controller quickly restores the system along the soft mode.
But following a controller knockout, trajectories should remain
displaced along the soft mode, and tend to converge along the
soft mode over time as faster modes decay more quickly. The
transcriptomic data we analyzed represent steady-state snapshots,
but time-resolved measurements following perturbation would
provide a more stringent test. At the molecular scale, time-
resolved X-ray crystallography can now capture such dynamics
with atomic resolution (55, 56); at the cellular scale, time-
resolved phosphoproteomics (57, 58) and live-cell imaging of
signaling dynamics could similarly reveal the timescales of mode
separation and the direction of soft modes in cellular state
space.

Materials and Methods

We briefly review the methods employed in this study, which were implemented
in Python. Fora more detailed description, please referto the appropriate section
in SI Appendix. Simulation code and analysis scripts are publicly available on
GitHub at https://github.com/GeroyUsilov/simple-biological-controllers.

In Silico Evolution of Genetic Networks. We modeled gene regulatory
networks using Michaelis-Menten kinetics subject to high-dimensional environ-
mental perturbations. Tosimulate selection forhomeostasis, we evolved network
interaction parameters (k,;, and K,p,) using a simulated annealing Markov Chain
Monte Carlo (MCMC) protocol. Fitness was defined by the system’s ability to
minimize deviations from a wild-type fixed point, normalized by overall stiffness.
We varied the internal complexity of the controller (d = 1,5, 10, 25, 30) to
observe how the number of available control nodes influences the emergence
of soft modes.

1. R.Milo, R. Phillips, Cell Biology by the Numbers (Garland Science, 2015).

2. C.Wuetal, Cellular perception of growth rate and the mechanistic origin of bacterial growth law.
Proc. Natl. Acad. Sci. U.S.A. 119, e2201585119 (2022).

3. M.F.Traxleretal., The global, ppGpp-mediated stringent response to amino acid starvation in
Escherichia coli. Mol. Microbiol. 68, 1128-1148 (2008).

4. L.U.Magnusson, A. Farewell, T. Nystrom, ppGpp: A global regulator in Escherichia coli.
Trends Microbiol. 13, 236-242 (2005).

5. M. Conrad et al., Nutrient sensing and signaling in the yeast Saccharomyces cerevisiae.
FEMS Microbiol. Rev. 38, 254-299 (2014).

6. J.M.Thevelein, J. H. De Winde, Novel sensing mechanisms and targets for the camp-protein
kinase a pathway in the yeast Saccharomyces cerevisiae. Mol. Microbiol. 33, 904-918 (1999).

7. S. Gottesman, Trouble is coming: Signaling pathways that regulate general stress responses in
bacteria. J. Biol. Chem. 294, 11685-11700(2019).

8. C.H. Serezani, M. N. Ballinger, D. M. Aronoff, M. Peters-Golden, Cyclic AMP: Master regulator of
innate immune cell function. Am. J. Respir. Cell Mol. Biol. 39, 127-132 (2008).

9. 1. Bahar, On the functional significance of soft modes predicted by coarse-grained models for
membrane proteins. J. Gen. Physiol. 135, 563-573 (2010).

10. A. Leo-Macias, P. Lopez-Romero, D. Lupyan, D. Zerbino, A. R. Ortiz, An analysis of core deformations
in protein superfamilies. Biophys. J. 88, 1291-1299 (2005).

11. C.J. Russo, K. Husain, A. Murugan, Soft modes as a predictive framework for low-dimensional
biological systems across scales. Annu. Rev. Biophys. 54, 401-426 (2024).

12. K. Husain, A. Murugan, Physical constraints on epistasis. Mol. Biol. Evol. 37, 2865-2874 (2020).

13. G. Venkataraman, Soft modes and structural phase transitions. Bull. Mater. Sci. 1,129-170 (1979).

14. S. Kamba, Soft-mode spectroscopy of ferroelectrics and multiferroics: A review. APL Mater. 9,
020704 (2021).

15. M. Costanzo et al., A global genetic interaction network maps a wiring diagram of cellular function.
Science 353, aaf1420(2016).

16. M. Costanzo et al., Environmental robustness of the global yeast genetic interaction network.
Science 372, eabf8424 (2021).

17. M.R. Mitchell, T. Tlusty, S. Leibler, Strain analysis of protein structures and low dimensionality of
mechanical allosteric couplings. Proc. Natl. Acad. Sci. U.S.A. 113, E5847-E5855 (2016).

https://doi.org/10.1073/pnas.2523032123

Analytic Theory of Low-Dimensional Control.To quantify the effective
dimensionality of environmental perturbations and their impacts, we utilized
the effective rank metric. We developed a linear model of integral feedback to
analytically derive the relationship between the system’s mode gap (the ratio of
the fastest to slowest eigenvalues) and the effectiveness of a simple controller.
This model allowed us to calculate the expectation value of perturbation effects
as a function of dimensionality and mode gap.

Yeast Fitness and Transcriptomic Data Analysis. We reanalyzed high-
throughput yeast fitness data from GxG (gene-gene) and GxE (gene-
environment) interaction studies to test for dual buffering. Significant inter-
actions were identified using intermediate confidence thresholds (P < 0.05
and |e| > 0.08), established in prior high-throughput studies, to bin genes
by their buffering capacity. For transcriptomic analysis, we utilized processed
RNA-seq data of 32 kinase mutants across 10 environmental conditions. We
performed PCA and t-SNE to quantify how the inhibition of Tpk123 (cAMP
pathway) impacts the observed dimensionality of the stress response.

Data, Materials, and Software Availability. Previously published data were
used for this work (15, 16, 39).

ACKNOWLEDGMENTS. We are grateful to Abigail Skwara, Pankaj Mehta,
Mikhail Tikhonov, Terry Hwa, Shenshen Wang, Ariel Amir, Maryn Carlson,
Annisa Dea, Lauren McGough, Marcos Viera, Manon Ragonnet, Alex Byrnes,
Joshua Sodicoff, the Murugan lab, the Chan-Zuckerberg theory group for
helpful discussions. This work was supported by the Chan-Zuckerberg Initiative,
NSF through the Center for Living Systems (Grant No. 2317138) and DMR-
2239801, the NIGMS of the NIH under Award No. R35GM151211, and
the NSF-Simons National Institute for Mathematics and Theory in Biology
under NSF Award DMS-2235451 and Simons Foundation Award MPS-NITMB-
00005320.

Author affiliations: 2Division of Physical Sciences, Program in Biophysical Sciences,
University of Chicago, Chicago, IL 60637; PDivision of Physical Sciences, James Franck
Institute, University of Chicago, Chicago, IL 60637; “Department of Physics and Astronomy,
Laboratory for Molecular Cell Biology, University College London, London WC1E 6BT,
United Kingdom; 9Department of Physics, University of Chicago, Chicago, IL 60637;
©The Pritzker School for Molecular Engineering, University of Chicago, Chicago, IL 60637;
fDivision of Physical Sciences, Center for Physics of Evolving Systems, University of Chicago,
Chicago, IL 60637; and 8Department of Molecular Genetics and Cell Biology, University of
Chicago, Chicago, IL 60637

Author contributions: CJ.R., K.H., R.R., D.P., and A.M. designed research; CJ.R. performed
research; CJ.R. analyzed data; and CJ.R., K.H., and A.M. wrote the paper.

18. J.W. Rocks et al., Designing allostery-inspired response in mechanical networks. Proc. Natl. Acad.
Sci. U.S.A. 114, 2520-2525 (2017).

19. P. Campitelli, T. Modi, S. Kumar, S. B. Ozkan, The role of conformational dynamics and allostery in
modulating protein evolution. Annu. Rev. Biophys. 49, 267-288 (2020).

20. R.Ravasio et al., Mechanics of allostery: Contrasting the induced fit and population shift scenarios.
Biophys. J. 117,1954-1962 (2019).

21. A.S.Raman, K. I. White, R. Ranganathan, Origins of allostery and evolvability in proteins: A case
study. Cell 166, 468-480 (2016).

22. T.Friedlander, A. E. Mayo, T. Tlusty, U. Alon, Evolution of bow-tie architectures in biology.
PLoS Comput. Biol. 11, 1004055 (2015).

23. C. Furusawa, K. Kaneko, Formation of dominant mode by evolution in biological systems. Phys.
Rev. £97,042410(2018).

24. T.M.Yi, Y. Huang, M. I. Simon, J. Doyle, Robust perfect adaptation in bacterial chemotaxis through
integral feedback control. Proc. Natl. Acad. Sci. U.S.A. 97, 4649-4653 (2000).

25. P.R.Somvanshi, A. K. Patel, S. Bhartiya, K. Venkatesh, Implementation of integral feedback control
in biological systems. Wiley Interdiscip. Rev. Syst. Biol. Med. 7, 301-316 (2015).

26. U.Alon, M. G. Surette, N. Barkai, S. Leibler, Robustness in bacterial chemotaxis. Nature 397,
168-171(1999).

27. N.Barkai, S. Leibler, Robustness in simple biochemical networks. Nature 387, 913-917 (1997).

28. M. Scott, C. W. Gunderson, E. M. Mateescu, Z. Zhang, T. Hwa, Interdependence of cell growth and
gene expression: Origins and consequences. Science 330, 1099-1102 (2010).

29. V. Hauryliuk, I. Golovkin, S. Bravington, 0. Shpanchenko, Recent progress in the understanding of
(p)ppGpp biology. Nat. Rev. Microbiol. 13, 298-309 (2015).

30. 0. Roy, M. Vetterli, "The effective rank: A measure of effective dimensionality” in 2007 15th
European Signal Processing Conference (IEEE, 2007), pp. 606-610.

31. S. L Rutherford, S. Lindquist, Hsp90 as a capacitor for morphological evolution. Nature 396,
336-342 (1998).

32. C.Queitsch, T. A. Sangster, S. Lindquist, Hsp90 as a capacitor of phenotypic variation. Nature 417,
618-624(2002).

33. C.R.Landry, B. Lemos, S. A. Rifkin, W. Dickinson, D. L. Hartl, Genetic properties influencing the
evolvability of gene expression. Science 317, 118-121(2007).

pnas.org


https://www.pnas.org/lookup/doi/10.1073/pnas.2523032123#supplementary-materials
https://github.com/GeroyUsilov/simple-biological-controllers

Downloaded from https://www.pnas.org by UNIVERSITY OF CAMBRIDGE on July 20, 2026 from |P address 131.111.185.104.

34.
35.
36.
37.
39. L. M. Ballou, R. Z. Lin, Rapamycin and mTOR kinase inhibitors. J. Chem. Biol. 1, 27-36 (2008).
40.
4.
42.
43,

44,

45.

46.

PNAS 2026 Vol. 123 No. 17

S.Tsuru, C. Furusawa, Genetic properties underlying transcriptional variability across different
perturbations. Nat. Commun. 16, 2421(2025).

J. P.Eckmann, J. Rougemont, T. Tlusty, Colloquium: Proteins: The physics of amorphous evolving
matter. Rev. Mod. Phys. 91, 031001 (2019).

Q.Y.Tang, K. Kaneko, Dynamics-evolution correspondence in protein structures. Phys. Rev. Lett.
127,098103(2021).

M. Costanzo et al., The genetic landscape of a cell. Science 327, 425-431(2010).

K. Mace, J. Krakowiak, H. El-Samad, D. Pincus, Multi-kinase control of environmental stress
responsive transcription. PLoS ONE 15, €0230246 (2020).

M. Love, S. Anders, W. Huber, Differential analysis of count data—The DESeq?2 package. Genome
Biol. 15,550(2014).

L. Van der Maaten, G. Hinton, Visualizing data using t-SNE. J. Mach. Learn. Res. 9, 2579-2605
(2008).

M. Belkin, P. Niyogi, Laplacian eigenmaps for dimensionality reduction and data representation.
Neural Comput. 15, 13731396 (2003).

J. P.Eckmann, T. Tlusty, Dimensional reduction in complex living systems: Where, why, and how.
BioEssays 43, 2100062 (2021).

F. Raimondi, M. Orozco, F. Fanelli, Deciphering the deformation modes associated with function
retention and specialization in members of the Ras superfamily. Structure 18, 402-414

(2010).

A.V. Sastry et al., The Escherichia coli transcriptome mostly consists of independently regulated
modules. Nat. Commun. 10, 5536 (2019).

A. Schmidt et al., The quantitative and condition-dependent Escherichia coli proteome.

Nat. Biotechnol. 34, 104-110(2016).

2523032123

47.

49.

50.

51

52.

53.

54.

55.
56.

57.

58.

M. Lukk et al., A global map of human gene expression. Nat. Biotechnol. 28, 322-324
(2010).

. G.Kinsler, K. Geiler-Samerotte, D. A. Petrov, Fitness variation across subtle environmental

perturbations reveals local modularity and global pleiotropy of adaptation. eLife 9, €61271
(2020).

J. A Gallego, M. G. Perich, L. E. Miller, S. A. Solla, Neural manifolds for the control of movement.
Neuron 94, 978-984(2017).

N. Kashtan, U. Alon, Spontaneous evolution of modularity and network motifs. Proc. Natl. Acad. Sci.

U.S.A.102,13773-13778 (2005).

K. Kaneko, Constructing universal phenomenology for biological cellular systems: An idiosyncratic
review on evolutionary dimensional reduction. J. Stat. Mech. Theory Exp. 2024, 024002

(2024).

N. Halabi, 0. Rivoire, S. Leibler, R. Ranganathan, Protein sectors: Evolutionary units of three-
dimensional structure. Cell 138, 774-786 (2009).

J. Masel, Cryptic genetic variation is enriched for potential adaptations. Genetics 172, 1985-1991
(2006).

C. Furusawa, K. Kaneko, Adaptation to optimal cell state by complexity-induced soft mode. Phys.
Rev. E 86,011921(2012).

D.R. Hekstra et al., Electric-field-stimulated protein mechanics. Nature 540, 400-405 (2016).
R.W. Henning et al., BioCARS: Synchrotron facility for probing structural dynamics of biological
macromolecules. Struct. Dyn. 11, 014301 (2024).

J.V. Olsen etal., Global, in vivo, and site-specific phosphorylation dynamics in signaling networks.
Cell 127, 635-648 (2006).

F. M. White, Quantitative phosphoproteomic analysis of signaling network dynamics. Curr. Opin.
Biotechnol. 19, 404-409 (2008).

https://doi.org/10.1073/pnas.2523032123

11 of 11



	Simple biological controllers drive the evolution of soft modes 
	Significance 
	Results 
	Discussion 
	Materials and Methods 




