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Abstract

We present a general theoretical framework for molecular computation in bio-
logical systems and apply it to G-protein-coupled receptors (GPCRs), which
serve as central regulators of cellular information processing. Despite their
importance, the physical principles underlying GPCR switching remain in-
completely understood. Using nonequilibrium thermodynamics, we construct
a model that accounts for GPCR switching observed in light-controlled, label-
free impedance assays and identifies the parameters governing receptor-state
transitions.

The framework shows that switching is governed by two factors: the
ATP/GTP-driven chemical flux through the receptor complex and the free-
energy difference between competing switch states. Together, these quan-
tities determine the configuration of the switch. The model predicts that
GPCRs can occupy three quasistable configurations, corresponding to “on,”
“off,” and an intermediate state, each representing a local maximum in infor-
mation transmission. Active states support sustained chemical flux, whereas
inactive states do not.

The model incorporates two ligand-derived inputs: fixed structural fea-
tures and inducible conformations such as cis and trans isomers. t further
predicts that phosphatase activity, represented as an effective energy barrier,
primarily determines whether the switch occupies the “on” or “off” state,
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whereas kinase activity maintains flux without directly setting state occu-
pancy. Comparison with label-free impedance measurements supports the
existence of multiple quasistable states that depend on ligand conformation.

Because the framework relies on general nonequilibrium principles rather
than system-specific biochemistry, it extends naturally to other biological
switching systems driven by chemical flux.

Keywords:
G Protein-Coupled Receptor (GPCR), information flow, entropy, Second
Law of Thermodynamics, phosphatse, nonequilibrium steady state, induced
fit

1. Introduction

Biological systems are extraordinarily complex, often exhibiting behaviors
that emerge from multilayered interactions across scales. This intricacy has
prompted suggestions that living systems may resist reduction to a compact
set of universal principles suitable for traditional mathematical modeling
[18]. This raises the question of whether unifying theoretical principles might
still be identified that help organize biological complexity beyond established
frameworks such as cell theory [60], natural selection [47], and the enhanced
Central Dogma [24]. Emerging theoretical perspectives, such as homeostasis
[4], thermodynamics [43], information theory [3], and complexity theory [25],
offer potential candidates for such organizing principles.

The aim of this study is to integrate key elements from these theoretical
traditions to identify fundamental organizing principles of molecular compu-
tation with both scientific and practical relevance. We focus specifically on
principles governing computation by G protein–coupled receptors (GPCRs),
a class of proteins central to precision medicine and targeted therapeutics
[70].

Biological systems can be interpreted as computational networks in which
coupled chemical reactions act as molecular switches. Through these net-
works, cells process and transmit information that enables adaptive responses
to changing environments. In contrast to neural computation, which is
largely electrical, molecular information processing relies chiefly on membrane-
associated chemical reactions distributed across tissues, with immune signal-
ing providing a clear example.
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Perturbations in these molecular information networks frequently con-
tribute to disease, and many therapeutic strategies seek to restore or mod-
ulate their function. The rise of precision medicine [37, 39, 22] further em-
phasizes the need for pharmacological strategies that modulate molecular
networks in a controlled and targeted manner to maximize therapeutic ben-
efit while reducing adverse effects.

GPCRs represent a prominent class of molecular information proces-
sors, regulating cellular responses to external cues and enabling physiologi-
cal adaptation across diverse environments [52, 42]. Through dynamic cou-
pling to cytoplasmic partners such as G proteins and β-arrestins, GPCRs
orchestrate a broad range of biological functions [41, 17]. A single GPCR
may nonetheless generate contrasting physiological outcomes. Opioid recep-
tors illustrate this duality: G-protein coupling mediates analgesia, whereas
β-arrestin engagement contributes to tolerance and addiction [36, 38, 15].
These divergent outcomes underscore the challenge of selectively modulat-
ing GPCR signaling to maximize therapeutic efficacy while limiting adverse
effects.

As in engineered computation, biological information processing requires
continuous energy input and heat dissipation. GPCR signaling operates far
from thermodynamic equilibrium, sustained by nucleotide hydrolysis (GTP
→ GDP) in G-protein switches and phosphorylation–dephosphorylation cy-
cles (ATP → ADP) cycles [6] on the intracellular side of the receptor. With-
out these chemical fluxes, GPCR systems would relax to equilibrium, a state
incompatible with sustained biological function. From an evolutionary per-
spective, and in line with nonequilibrium thermodynamics and information
theory, molecular computation appears shaped by selective pressures that
favor efficient energy use and high information throughput [49, 33, 67].

Mechanistic insight into these processes requires time-resolved assays that
probe stimulus–response dynamics within GPCR complexes. Earlier stud-
ies largely characterized steady-state input–output relationships [14, 44],
whereas Wirth et al. [68] advanced the field by using photoisomerizable
ligands to modulate GPCR conformation in real time and by monitoring
receptor activity via membrane impedance.

Building on these advances, we extend previous theoretical work [31, 32,
30] to interpret the resulting dynamic measurements. Our model identifies
two fundamental parameters governing GPCR switching: the chemical flux
through phosphorylation or GTPase cycles and the free-energy difference
between the phosphorylated and dephosphorylated states. Both parameters
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are influenced by ligand concentration and by ligand conformations that are
either fixed or inducible.

The analysis shows that the switch can occupy three distinct configura-
tions; on, off, and intermediate; rather than the conventional two states of
engineered switches. Determining the switch state within this framework re-
quires more than a single bit of information from the ligand, encoded in both
its fixed chemical structure and in its inducible conformations. Fixed struc-
tures remain constant upon receptor binding, whereas inducible structures
shift in response to external stimuli, such as light or conformational strain,
arising from ligand–receptor interactions.

Experimental results support this interpretation: cis (Z) and trans (E)
photoisomers of ligands modulate transitions not only between “on” and
“off” states but also between active (flux-generating) and inactive (low-flux)
modes. These discrete switching behaviors arise from the finite chemical flux
that sustains the system.

Our model thus identifies two primary control inputs: the chemical flux
within the switch and the binding energy associated with γ-phosphate groups
(or equivalent nucleotides in G-protein systems). Mapping GPCR conforma-
tions within this control space offers a framework for the targeted modulation
of molecular switches, a foundational step toward precise therapeutic control.
A central open question concerns how the properties of the ligand influence
these two control parameters.

2. Methods

2.1. Schematic of the Experiment

Conceptual schematic of the experimental setup from Wirth et al. [68]
is shown in Figure 1. Chinese hamster ovary cells (CHO) were genetically
engineered to overexpress the receptor, a member of the neuropeptide Y
family, and cultured to confluence on a gold foil substrate [9]. This uniform
expression of the receptor enabled for consistent detection of ligand-induced
conformational changes via electronic impedance measurements across the
gold foil.

Two wavelength-driven ligand isomers, cis (Z) and trans (E), were derived
from azobenzene (ligand 28) and arylazopyrazole (ligand 30), producing four
distinct GPCR inputs: E-28, Z-28, E-30, and Z-30. Z isomers were generated
by 340 nm irradiation, while E-isomers were produced using 455 nm (ligand
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Figure 1: Conceptual schematic of the experiment. Ligands in cis (Z) or trans (E)
configurations bind to GPCRs, while electrical impedance across a cell layer monitors sig-
naling activity. Two engineered ligands (28 and 30) reversibly switch between Z and E
isomers under wavelength-specific light (blue: Z→E; red: E→Z). Each conformation in-
duces a distinct GPCR state, yielding four input combinations—encoding up to two bits of
information. Experimental outputs map to four theoretical states: Active/On, Active/Off,
Inactive/On, and Inactive/Off. However, impedance measurements cannot distinguish In-
active/On from Inactive/Off, so these are treated as a single ’Inactive’ state. Theoretical
modeling differentiates Active (flux-generating, dissipative) from Inactive (flux-free, non-
dissipative) states

28) and 528 nm (ligand 30) light. GPCR response was inferred from changes
in cell morphology, monitored by impedance measurements [61, 62, 66].

Natural downstream responses to activation of the Y4 NPY receptor in-
clude reduced cAMP levels, context-dependent activation of PLC, and en-
gagement of MAPK signaling pathways. The impedance measurement can
also be viewed as a downstream, label-free response. In this interpretation,
the switch behaves as a single conglomerate system that reflects the com-
bined activity of the GTPase switch in the G protein and the phosphoryla-
tion–dephosphorylation cycles that generate the barcode.
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No published data currently demonstrate that the specific receptor stud-
ied, when bound to the azobenzene- or arylazopyrazole-based ligands used
in the Wirth experiments, activates a G protein and subsequently undergoes
phosphorylation. Nevertheless, several recent studies have established that
photoswitchable ligands can modulate GPCR activity in other systems. For
example, Agnetta et al. showed that an azobenzene-containing dualsteric
ligand can reversibly alter receptor efficacy upon light stimulation [1]. More
recently, Duran-Corbera et al. demonstrated robust and reversible optical
control of a native class A GPCR, the β1 -adrenoceptor, using the pho-
toswitchable ligand pAzo-2; light-induced cis–trans isomerization produced
measurable changes in receptor activation in functional assays [13]. These
studies collectively support the broader plausibility of using photoswitchable
ligands to modulate GPCR signaling, even though direct evidence for the
full sequence of events, ligand binding, G-protein activation, and phospho-
rylation, has not yet been reported for NPY with the specific ligands used
here. Moreover, impedance measurements are a valid and measurable down-
stream response, even if not directly pharmacologically relevant. This is well
demonstrated by Wirth et.al. [68].

2.2. Schematic of the Theory

To regulate cellular responses to external stimuli, biological information-
processing systems must operate persistently and far from equilibrium, plac-
ing them in non-equilibrium steady states (NESS), a dynamic form of home-
ostasis. These states are maintained by continuous energy flow [e.g. ATP,
GTP] from nucleotide hydrolysis and phosphorylation, with the entropy dis-
sipated into the thermal bath.

The information content of an NESS remains stable over time, suggesting
that it corresponds to a local or global extremum in information transmission.
This aligns with the hypothesis that natural selection favors systems that
maximize information flow under physical constraints. To formalize this,
we quantify the information using mutual information [59] and apply the
calculus of variations to identify the extrema, constrained by the constant
chemical flux supplied by the input of nucleotide-driven energy.

2.3. Application to G Protein-Coupled Receptor Complexes

To demonstrate and validate the proposed theoretical framework, we fo-
cus on the fundamental process of information processing on the cell mem-
brane. Among such processes, signaling through GPCRs plays a central role,
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representing one of the most critical mechanisms in both biological regulation
and medical intervention.

The foundation of the current GPCR model is illustrated in Figure 2,
which schematizes the GPCR complex. In Figure 2A, the 7-transmembrane
GPCR (blue) spans the membrane, interacting with both extracellular lig-
ands (orange) and intracellular G proteins (purple, green, violet).

Ligand binding induces a conformational change in the GPCR, which en-
hances its affinity for heterotrimeric G proteins. This results in the formation
of a ternary complex, comprising the ligand, GPCR, and G protein - that is
more stable than the ligand receptor complex alone.[45].

The G protein α subunit (Gα) initially binds to GDP, representing the
off state of the GTPase switch [52]. Upon GPCR activation, GDP is released
and replaced by GTP, whose cellular concentration is maintained far from
equilibrium. This GTP binding activates Gα, which completes the switch to
the ”on” state. The energy driving this transition derives from the thermo-
dynamic disequilibrium between GDP and GTP.

The C-terminal tail of GPCR and the intracellular loops contain serine
and threonine amino acid sites that can be phosphorylated/dephosphorylated
by specific kinases/phosphatases. The C-terminal tail of GPCR and the
intracellular loops contain serine and threonine amino acid sites that can
be phosphorylated/dephosphorylated by specific kinases/phosphatases. The
phosphorylation and dephosphorylation of these sites is known as a phos-
phorylation/dephosphorylation cycle (PdPC) that also acts as a molecular
switch [52]. Similarly to the GTPase switch, the “on” and “off” states of these
PdPC switches are determined by the phosphorylation status of specific sites.
However, in this case, the switches are powered by the high concentration of
adenosine triphosphate (ATP), which drives the process [5].

The collection of these PdPCs establishes a distinct molecular pattern,
called a barcode, which serves as a guide for downstream signaling processes
[69, 11]. Adapters read this phosphorylation barcode to propagate a certain
response (Figure 2). In animals, this adapter is called β-arrestin [41] and in
plants it is called VPS26A/B [29].

Furthermore, the flexible protein matrix surrounding the GPCR complex
provides a mechanism to adjust energy levels and transition probabilities,
facilitating changes in the conformation and behavior of the complex.
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Figure 2: Simple Molecular Switch A. The 7-transmembrane GPCR is illustrated
with blue cylinders representing the seven α helices that span the cell membrane. The
extracellular ligand (orange) binds to the binding site of the GPCR inducing movement
with the α helical bundles. The helices alter the conformation of the intracellular loops
(thin black lines) of the GPCR complex. The intracellular portion of the complex has been
separated for visibility. Two pathways may be activated, the Gα pathway (purple) and the
βarr pathway (tan). The Gα subunit is a part of the G protein also composed of subunits
β and γ. The βarr pathway is composed of additional response pathways determined by
phosphorylation sites on the C tail of the GPCR and intracellular loops that form a barcode
that encodes signals for downstream processes. B. Picture of a single switch taken to be a
PdPC. A GTPase switch operates in the same manner. The switch resides in a heat bath
at temperature T . In addition to the thermal bath, the switch is a component of a flexible
protein complex that can modify energy barriers in the switch. Here, Pr(d) and Pr(p)
are the probabilities of finding the receptor to be dephosphorylated and phosphorylated,
respectively, while Pr(p|d) and Pr(d|p) are the conditional probabilities of finding the
receptor has transitioned between phosphorylated to dephosphorylated positions and vice
versa. C. Here, J0 = Pr(p|d) Pr(d) = Pr(d|p) Pr(p) is the steady-state probability flux
among states. The flux is kept finite due to an external energy/entropy source. D.
Three-state model: free receptor (f), phosphorylated (p), and dephosphorylated (d). The
associated state a is bound to the ligand but not the phosphate. The associated state a
has two internal states d and p. These two states form the Gα switch. Ligand dissociation
and association reaction rates are given by k− and k+, respectively, and L is the ligand
concentration. The picture for a GTPase switch is similar. A G protein-GDP is bound
to Pr(a) and the ligand through a ternary reaction. The on state occurs when GDP is
replaced with GTP.
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3. Results

3.1. Experimental results relevant to this study

If the four input conditions produce four independent output responses,
this corresponds to two bits (log2 4) of information transmitted across the
membrane. Fewer distinct outputs would indicate reduced information trans-
fer. If only the chemical structure of the ligand (for example, 28 versus 30)
influences the response, then only one bit of information is transmitted. Ob-
servation of more than two outputs therefore implies that both the fixed
chemical structure and the induced-fit conformations of the ligand [19] con-
tribute to signaling.

The experiment reported in [68] revealed four distinct responses, demon-
strating that both the Z and E photoisomerized conformations, along with
the fixed structural differences between ligands 28 and 30, play essential roles
in determining receptor output. This result indicates that each ligand can
exist in two functionally distinct conformational states after light activation,
enabling the full transmission of two bits of information through the recep-
tor complex. These findings are consistent with independent observations of
GTPase activity in other G proteins that display similar two-bit information
transmission [35].

The ligand conformation was found to switch reversibly between cis and
trans forms even while the ligand remained bound to the receptor. Impor-
tantly, removal of extracellular ligand did not alter the downstream response,
which indicates that signaling is determined by the conformation of the bound
ligand rather than by its continued presence in solution.

3.2. Theoretical Results

The theory developed here generalizes the widely used operational model
of Black and Leff [8]. In the operational model, the switch state is governed
by multiple applications of Michaelis–Menten kinetics [6], which produces a
single solution for the output-state probability. In contrast, the framework
presented in this study allows for up to three solutions, providing a richer
and more flexible description of switch behavior.

The model described in Sections Appendix A.1, Appendix A.2 shows
that a molecular switch can occupy quasistable states determined by two
parameters: the chemical flux within the GPCR complex and the switch’s
free energy change. Both parameters are influenced by the extracellular
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ligand’s characteristics—its fixed and inducible conformations as well as its
concentration outside the cell.

This framework leads to the Biological Ensemble, a generalization of the
Canonical Ensemble from equilibrium statistical mechanics [53]. The Canon-
ical Ensemble, described by Feynman as the “summit of statistical mechan-
ics”1 [16, Chapter 1], admits a single solution proportional to the exponential
of the system energy [53]. In contrast, the Biological Ensemble introduced
here yields three possible solutions that turns the ensemble into a system of
switches, a key result of this work.

We illustrate the power of the Biological Ensemble with an intuitive anal-
ogy. Near thermochemical equilibrium, a system relaxes to a single state,
much as air molecules uniformly fill a room at fixed temperature and den-
sity. In our framework, if those molecules were in an NESS, the room could
instead exist in one of three distinct states: one resembling the usual equilib-
rium condition and two others in which all molecules cluster into two different
corners of the room. In this analogy, the NESS behaves as a switch with three
possible configurations. It is clear that a room in equilibrium and a room in
NESS are fundamentally different, and each would exhibit markedly different
behavior.

The solutions correspond to local maxima of information flow, quasi-
stable states that can transition under perturbation. Two parameters gov-
ern which state the switch occupies: (1) the energies of the phosphorylated
(Ep) and dephosphorylated (Ed) conformations, and (2) the chemical flux
J0 from the phosphorylation/dephosphorylation cycle. Together, these pa-
rameters determine whether the switch is in the “off”, “on” or intermediate
configuration.

The energy parameter is given by the normalized change in the Gibbs
free energy going from the “off” to “on” switch configuration.

β(Ep − Ed) (1)

where β is the inverse of the temperature of the heat bath (Boltzmann con-
stant = 1). The Gibbs free energy is the valid form of free energy to use since

1“This fundamental law is the summit of statistical mechanics, and the entire subject is
either the slide-down from this summit, as the principle is applied to various cases, or the
climb-up to where the fundamental law is derived and the concepts of thermal equilibrium
and temperature T clarified.” R. P. Feynman
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Figure 3: The three solutions for Pr(p) for the Biological Ensemble as a function of the
chemical flux J0 and change in free energy between two receptor states β(Ep − Ed). A.
In the limit of small flux, the solutions are (1) Pr(p) = 1, Pr(d) = 1 − Pr(p) = 0 (blue),
(2) Pr(d) = (1− Pr(p) = 1, Pr(p) = 0 (red), and (3) the Canonical Ensemble of (yellow).
B.-F. For small values of flux J0, The highest information path for probability Pr(p)
obeys the Canonical Ensemble. The thermodynamic branch steepens as the chemical flux
J0 increases. G.-I. A discontinuity forms in the kinetic branch and the two solutions
exchange roles with increasing change in free energy. For fluxes less that the critical flux
ϕc ≈ 0.182

the system is in a heat bath at temperature T = 1/β and no external work
is being applied to the system. The energies Ep and Ed are modified from
their baseline measured values (≈ 7 kcal/mol) [54] by the presence of the
protein matrix of the GPCR complex. Modifications as high as 17 kcal/mol
have been seen in the muscles of athletes [65].

If Rp and Rd are the numbers of receptors in the phosphorylated (“on”)
and dephosphorylated (“off”) switch configurations, then the probability of
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the receptor being in each of the switch configurations is

Pr(p) =
Rp

Rd +Rp

(2)

and

Pr(d) = 1− Pr(p) =
Rd

Rd +Rp

(3)

for the phosphorylated and dephosphorylated configurations, respectively.
We define the chemical flux J0 as the flow of probability from one switch

configuration to the other.

J0 = Pr(d) Pr(p|d) = Pr(p) Pr(d|p) (4)

where Pr(p|d) is the probability that the receptor state transitions from con-
figuration d to p and Pr(d|p) is the probability of transition in the opposite
direction. The equality sign is a consequence of the steady-state requirement
and is an expression of Bayes Theorem [23].

The terms in Equation 4 are intuitive from a chemist’s perspective. The
probability Pr(d) is proportional to the chemical concentration of the system
in the dephosphorylated configuration, while Pr(p) is proportional to the con-
centration of the phosphorylated concentration. The transition probabilities
Pr(p|d) and Pr(d|p) are the reaction rates.

An intuitive schematic of the information landscape is provided in Ap-
pendix C, illustrating how the system navigates between quasistable states.
The figure represents a landscape in which the curves are ridges of maximum
switch information. Three solutions exist for the probability Pr(p) that the
switch is in the “on” configuration for each flux and change in free energy
value. In the limit of small flux, the solutions are (1) Pr(p) = 1, Pr(d) =
1−Pr(p) = 0 (blue), (2) Pr(d) = 1−Pr(p) = 1, Pr(p) = 0 (red), and (3) the
Canonical Ensemble (yellow). We define solution (3) as the thermodynamic
branch, while solutions (1) and (2) are defined to be the kinetic branch.

For small values of flux J0, the highest information path, the thermody-
namic branch (yellow), for probability Pr(p) obeys the Canonical Ensemble.
The thermodynamic branch steepens as the chemical flux J0 increases. At
J0 = ϕc ≈ 0.182, the information content of the kinetic branch becomes equal
to the information of the thermodynamic branch. For Jc > ϕc ≈ 0.182, the
information in the kinetic branch is greater than the information in the Ther-
modynamic Branch. This implies that for flux greater than ϕc, the states in
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the kinetic b ranch are more stable than the states in the thermodynamic
branch. The opposite is true for J0 < ϕc.

At J0 = 1/4, the thermodynamic branch is given by Pr(p) = 0. For
J0 > 1/4, a discontinuity forms in the kinetic branch and the two solutions
exchange roles as the change in free energy increases.

The curves in Figure 3 represent local maxima of information transmis-
sion, corresponding to quasi-stable states defined by chemical flux J0 and
change in free energy β(Ep − Ed). Here β is the inverse temperature of the
heat bath, Ep is the energy of the phosphorylated “on” state and Ed is the
energy of the dephosphorylated “off” state. These configurations act as local
attractors, indicating preferred switch states within the control space.

Observed switch behavior is expected to align with these quasi-stable
states. The Biological Ensemble framework shows how variations in J0 and
β(Ep − Ed) guide the system into specific configurations, offering predictive
insight into the switch dynamics under varying conditions.

A simple water-pump analogy, presented in the Discussion, offers a macro-
scopic visualization of the mechanism by which the switch transitions be-
tween these states.

3.3. Comparison of Theory and Experimental Results

The experimental results from Wirth et al. are depicted in Figures 4A
and B, alongside the theoretical predictions. The mapping from impedance
to probability is given in Appendix B. Solid and dashed red lines show
impedance responses for ligands 28 and 30 initially prepared in the Z/on
and Z/off configurations, respectively; blue lines represent E/on (solid) and
E/off (dashed) preparations. The solid black line shows the response to the
endogenous ligand hPP, and the dashed black line corresponds to the solvent
control (DMSO). Figure 4A shows the results for ligand 28, and Figure 4B
for ligand 30. Green lines indicate ligands prepared in the Z/on (dashed)
and E/on (solid) states that were alternately irradiated with short (340 nm)
and long (455 nm for 28; 528 nm for 30) wavelengths.

Figure 4C–F present schematic summaries of the experimental transitions
among quasi-stable switch configurations. Figure 4C shows that for ligand
28 in the E/on configuration, the impedance remains similar to that of Z/on.
The off” states (E/off and Z/off) also overlap. Initial 340 nm irradiation
slightly increases impedance but does not shift the system out of E/on. Sub-
sequent alternating irradiation causes the system to toggle between E/on and
Z/off, indicating that cis (Z) favors the “on” state and trans (E) favors “off.”
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Figure 4: A. and B. Experimental Results C.-F. Schematic of Quasistable States. For
Ligand 28, irradiation with wavelengths 340nm and 455 nm toggle the the system between
the E/on (trans) and the Z/off (cis) states. For Ligand 30, irradiation with 340 nm and
528 nm toggles between active and inactive configurations.

Figure 4E shows the system initialized in the Z/on state. After a brief
stable period, alternating light induces switching between Z/off and E/on,
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again confirming the correlation between the cis/trans states and switching
on/off for ligand 28.

For ligand 30 (Figures 4D and F), the Z/on and Z/off responses overlap,
indicating that the “on”/“off” distinction does not apply. Instead, the system
transitions between an active Z state that supports chemical flux and an
inactive E state that does not. Thus, ligand 30 modulates switch activity
versus inactivity, rather than discrete “on”/“off” signaling. Ligand 28 toggles
the switch between on and off based on Z/E conformation, while ligand 30
toggles between active and inactive states. These behaviors reflect different
modes of ligand control over GPCR switching.

The mapping of the experimental observations onto the theoretical frame-
work is shown in Fig. 5, which enlarges the regions highlighted in Figs. C.8E
and A. The theory assumes that the system preferentially occupies active
portions of the solution curves that support high information flow, indicated
in black. The inactive state, corresponding to zero phosphorylation, appears
as a dashed red curve. Ligand 28 alternates between active on and active off
states depending on its conformation, whereas ligand 30 toggles between an
active on state and an inactive off state.

In Fig. 5, the flux was set to J0 = 0.2, ensuring that the energy β(Ep−Ed)
at the transition points is approximately one. This balance is essential for
both stability and switching efficiency. When β(Ep − Ed) is much less than
one, thermal fluctuations destabilize the quasistable states. When it is much
greater than one, the states become so stable that switching is no longer
feasible, preventing computation. This tradeoff was already recognized by
Schrödinger in early discussions of biological information flow [58, 50]. The
Wirth experiment therefore implies that the flux J0 and the energy β(Ep−Ed)
fall near 0.2 and 1, respectively, illustrating how these otherwise inaccessible
parameters can be inferred indirectly from experimental assays.

4. Discussion

Biological switches operate far from thermochemical equilibrium and rely
on continuous entropy flow sustained by external chemical fluxes. As a result,
equilibrium thermodynamics cannot adequately describe molecular informa-
tion processing. The functional states of molecular switches correspond to
homeostatic nonequilibrium steady states that persist within the ongoing
entropy flow characteristic of living systems. The thermodynamics of these
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Figure 5: Blowup of Figures C.8E and A from the Appendix. According to the assumptions
in the theory, the system favors states with higher information flow, which are outlined in
black. The solid blue and red curves are the active on and active off states of the switch
for J0 = 0.2. The dashed red curve is the off state for an inactive switch (J0 = 0). The
theory predicts that ligand 28 in the Wirth experiment toggles between on and off states,
depending on the ligand conformation, while ligand 30 toggles between the active on state
and the inactive state of the switch. Ligand 28 can be toggled by small adjustments in
the energy β(Ep − Ed), while ligand 30 can be toggled by adjusting the flux J0 between
0 and 0.2. The energy β(Ep − Ed) needs to be approximately equal to one in order to
balance switch stability with the ability to toggle switch states efficiently. The flux must
lie between approximately 0.2 and approximately 0.3 in order to observe distinct on and
off states and to maintain the energy β(Ep −Ed) approximately equal to one (See Figure
C.8).

states differ fundamentally from equilibrium descriptions that emphasize free-
energy minimization. Instead, sustained energy and entropy flux give rise to
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switching behavior that is richer than the dynamics available at equilibrium.
The strength of the thermodynamic approach lies in its ability to iso-

late the essential features of a system and filter out unnecessary detail. For
example, marbles placed in a bowl always settle at the bottom regardless
of their size, mass, friction, or path taken. If the goal is to identify the fi-
nal state, thermodynamics is sufficient. Understanding complex biological
systems likewise requires attention to coarse-grained, functionally essential
features rather than detailed molecular mechanisms. Natural selection fa-
vors systems that perform their required functions, much as engineers design
steam engines suited to specific tasks. Engines optimized for flat terrain dif-
fer from those designed for steep inclines, and studying only one context does
not reveal the general principles that govern all engines.

The same logic applies to conserved biological processes. Although molec-
ular details vary across species, the core functional architecture is preserved.
Focusing exclusively on specific instances can obscure these general princi-
ples. An alternative strategy is to assume that a system optimizes a par-
ticular quantity, such as efficiency or information transmission, and infer
the system features that maximize it. Here, we adopt this principle-based
strategy to explore molecular switches that maximize information processing.
This framework produces predictions consistent with experimental data and
provides a unified view of molecular signaling dynamics.

For GPCRs, the flux J0 represents transitions among intermediate, off,
and on configurations. These advanced biological information-processing
units erase information and thereby generate heat and entropy [40], which un-
derscores the thermodynamic requirement for chemical flux. Without flux,
biological computation cannot proceed. To capture this behavior, we in-
troduce the Biological Ensemble, which extends classical free-energy mini-
mization to include chemical flux and information flow. The formulation in
Appendix A.1 enables prediction of switching dynamics outside the scope of
equilibrium theory.

A conceptual analogy is provided in Figure 6. A pump drives water
between two buckets that represent the on and off receptor states, while water
height reflects state probability. The pump, analogous to an ATP or GTP
driven kinase, maintains chemical flux. The energy barrier, represented by
the return tube height, models phosphatase activity that regulates resistance
to reverse flow. Heat generated by the pump dissipates into the surrounding
environment. In this analogy, the phosphatase determines relative occupancy
of the on and off states, whereas the kinase maintains flux.
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Figure 6: The “on” and “off” switch conformations are modeled as water buckets labeled
on and off, where water levels represent the probability of each receptor state. Forward flow
fills the on bucket, while reverse flow fills the off bucket. A pump, analogous to ATP/GTP-
driven energy input, powers the cycle. The flow magnitude and state occupancy are
regulated by an energy barrier, represented by the height of the return tube, which controls
resistance to reverse flow.

The model identifies two behavioral regimes. At low flux J0, the system
operates near equilibrium and is dominated by thermal effects. As J0 in-
creases, the dynamics shift to a kinetic branch governed by nonlinear effects.
The equilibrium solution, shown as the yellow curve in Figure 3A, repre-
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sents the global maximum of information flow. Additional nonequilibrium
steady states, shown in red and blue, represent local maxima that do not ap-
pear in equilibrium treatments. As J0 grows, these nonequilibrium solutions
diverge from equilibrium predictions. At a critical flux value, the kinetic
branch exceeds the thermodynamic branch in information content, marking
a qualitative shift in system behavior.

The free-energy difference β(Ep − Ed) and the flux J0 are subject to up-
stream regulation. Ligand-induced conformational changes primarily mod-
ulate β(Ep − Ed), while J0 depends on ligand concentration and binding.
Without ligand, flux cannot be maintained. Ligand structure and availabil-
ity therefore function as higher-order regulators of switch behavior [31, 32].
Classical biochemical approaches that rely on free-energy minimization alone
are insufficient for systems requiring continuous energy and entropy input.

Although β(Ep−Ed) and J0 are difficult to measure directly, they can be
inferred from assay data, including impedance measurements such as those
of Wirth et al. [68]. Early work in information maximization and maximum
entropy production provided precursor methods for these inferences [31, 32].
Transitions among the intermediate, off, and on states correspond to tran-
sitions among quasistable states in the information landscape of Figures 3
and C.7. These transitions are induced by allosteric conformational changes
triggered by ligand binding, although the detailed mechanisms lie beyond the
scope of this study. Once such transitions are identified experimentally, the
corresponding values of β(Ep −Ed) and J0 can be inferred. Future work will
extend this analysis to arrays of switches.

Applied to GPCR signaling, the framework explains how two ligand-
derived bits of input, the chemically fixed identity of the ligand (28 or 30)
and its inducible conformation (Z or E), produce four receptor output states:
active on, active off, inactive on, and inactive off. Because the measure-
ments were label-free, they did not distinguish between GTPase and PdPC
based switching. This distinction is not critical here because the framework
applies to both. Active states display significant flux and heat generation,
whereas inactive states do not. On and off refer to phosphorylation or nu-
cleotide binding. The presence of four distinct outputs indicates that the
two, Z/E and 28/30, inputs are independent; correlated inputs would have
produced fewer outputs. This suggests that photoisomerization generates
complex conformational changes that encode information beyond simple ge-
ometric rearrangements. Ligand concentration also carries information [30].

Although we focused on phosphorylation and dephosphorylation as a
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representative switch, the framework applies to any binary reaction-based
switch. Nucleotide exchange reactions, central to GPCR signaling, obey the
same fundamental thermodynamic principles [52]. Given GPCR coupling ar-
chitecture, switching in the Wirth experiment likely reflects nucleotide-driven
processes.

Biological switches operate in networks influenced by interactions with
partner proteins, membrane environments, and covalent modifications such
as lipidation and disulfide bonding. These features influence both free energy
and flux. A strength of the thermodynamic approach is its predictive power
without detailed mechanistic information. Just as a ball reaches the bottom
of a bowl regardless of its precise trajectory, molecular switches reach their
final nonequilibrium steady state regardless of microscopic details, provided
the energy and flux constraints are known.

Although the present study does not address the phosphorylation bar-
code that governs β-arrestin signaling, future work will explore how ligand
concentration and activation sequence encode additional information. Ex-
perimental response curves can test these predictions [30].

Finally, although this study focuses on GPCR-mediated signaling, the
theoretical framework is broadly applicable. GPCRs account for roughly 30
percent of approved drugs [55], yet phosphorylation and nucleotide-exchange
cycles function as universal molecular switches in many pathways. Similar
architectures operate in receptor tyrosine kinases [57] and Toll-like receptors
[10]. The principles developed here may therefore extend across a wide range
of biological systems and offer a unifying thermodynamic basis for molecular
information processing. Our results indicate that such generality is plausible,
but additional experimental comparisons will be required to confirm this
broader applicability.

5. Conclusions

1. A general theoretical framework for molecular computation in biologi-
cal systems has been developed using nonequilibrium thermodynamics
and information theory.

2. The theory predicts that biochemical switches, including GPCR com-
plexes, can occupy up to three quasistable states—on, off, and an in-
termediate configuration, each associated with a local maximum in in-
formation transmission.

3. Two fundamental control parameters determine switch behavior:
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• the nonequilibrium chemical flux generated by phosphorylation or
GTPase cycles, and

• the free-energy difference between the phosphorylated and dephos-
phorylated states

4. Mapping the theory to light-controlled impedance assays from Wirth
et al. [68] shows that the experimental responses are consistent with
transitions among the predicted quasistable states.

5. The analysis suggests that phosphatase activity primarily sets on/off
occupancy by controlling the effective energy barrier, while kinase ac-
tivity sustains flux without directly selecting the switch configuration.

6. Because the framework relies on general nonequilibrium principles rather
than GPCR-specific biochemistry, it has the potential to be broadly ap-
plied to other biological switching systems.
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9. Glossary

• ATP: Adenosine Triphosphate

• CHO: Chinese hamster ovary

• GPCR: G Protein Coupled Receptor

• GTP: Guanosine Triphosphate

• NESS: Nonequilibrium Steady State

References

[1] Agnetta, L., Kauk, M., Canizal, M.C.A., Messerer, R., Holzgrabe, U.,
Hoffmann, C., Decker, M.: A photoswitchable dualsteric ligand control-
ling receptor efficacy. Angewandte Chemie International Edition 56(25),
7282–7287 (2017)

[2] Ash, R.B.: Information theory. Courier Corporation (2012)
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Appendix A. Theory

Appendix A.1. Information and the Second Law of Thermodynamics

Standard equilibrium techniques that analyze systems by minimizing free
energy do not apply to information-processing systems. Because information
processing requires continuous energy and entropy flow, even in steady state
[40], entropy maximization is not achievable in non-isolated systems [INSERT
REFERENCE TO WIVACE PAPER].

The entropy S of a system composed of W states xi is

S = −
W∑
i=1

Pr(xi) ln Pr(xi) (A.1)

Assume that the system is composed of a switch in the form of a chemical
reaction

u −−⇀↽−− b (A.2)

where, as an example, d is the dephosphorylated state of the switch and p is
the phosphorylated state of the switch. The rest of the system is a heat bath
that absorbs heat that is generated by the chemical reaction. The entropy,
Eq. A.1, can then be written

S = Sm − IM (A.3)

where Sm is the entropy of the microstates given that the observables d and p
is the switch are independent and IM is the information in the correlation of
the mesoscopic components d and p of the switch. The microscopic entropy
Sm is composed of two pieces, the entropy of the microscopic components
of the switch and the microscopic entropy of the microstates of the external
heat bath. The entropy of the microstates is

Sm =
W∑
i=1

Pr(xi, d, p) ln

[
Pr(d, p)

Pr(xi) Pr(d) Pr(p)

]
(A.4)

where Pr(d, p) is the joint probability of d and p.
The mutual information [59] associated with the correlation of d and p is

IM =
∑
{d,p}

Pr(d, p) ln

[
Pr(d, p)

Pr(d) Pr(p)

]
(A.5)
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The Second Law of Thermodynamics states that the entropy of the system
increases with time or achieves a maximum value.

∆S = ∆Sm −∆IM ≥ 0 (A.6)

If the number of states W is infinite, the system never achieves a maximum
value.

In the case that the switch achieves a steady state ∆IS → 0, then all the
entropy generated by the switch goes into the heat bath.

∆S → ∆Sm ≥ 0 (A.7)

When the switch has reached steady state ∆IM → 0, the switch information
IM is at an extremum.

For a system with an infinite number of states W , total entropy contin-
ues to increase indefinitely. Local regions of correlation, such as molecular
switches, can achieve steady states even as the entropy of the larger system
grows. The heat generated by the switch is transferred to the surrounding
heat bath. This scenario contrasts with finite systems W , where the total
entropy S can reach a maximum. Because biological information processing
systems function far from equilibrium, traditional frameworks based on min-
imizing Gibbs free energy G = E − TS, with E as the energy of the system
and T the temperature of the bath do not apply.

Appendix A.2. Theoretical Model of the Switch

Building on our earlier theoretical framework [31, 32, 30], which suc-
cessfully predicted the results of the experimental assay by maximizing the
flow of information from the extracellular environment to the intracellular
region of the GPCR complex, the present work extends this theory by incor-
porating a higher temporal resolution. This enhanced model is specifically
developed to interpret the detailed, time-dependent dynamics observed in
recent impedance-based experiments by Wirth et al. [68]. In line with its
predecessor, this updated model is guided by the fundamental principle that
natural selection favors molecular systems optimized to maximize informa-
tion transmission capacity [59], thus providing a more granular and dynamic
view of the GPCR switching mechanisms.

Figures 2B and 2C presents a simplified mathematical representation
of the schematic shown in Figure 2A. This abstraction allows for a more
tractable analysis using the tools of statistical mechanics [53]. This level of

30



simplification is common and has been useful in physics [12, 27]. In this
model, the GPCR complex is reduced to a single switch embedded in a heat
bath and surrounded by a flexible protein matrix [34, 21, 46, 28, 56, 7, 64,
63, 26]. The probabilities Pr(d) and Pr(p) represent the fraction of time the
receptor spends in the dephosphorylated and phosphorylated states, respec-
tively. Specifically, the d position corresponds to the state in which the G
protein is bound to a GDP molecule, while the p position corresponds to the
state in which GDP has been phosphorylated to form GTP. During a time
interval ∆t, the switch can transition between these states with transition
probabilities Pr(d|p) and Pr(p|d), or it can remain in the same state with
probabilities Pr(u|u) and Pr(b|b). The heat bath ensures that the fluctua-
tions between these switching states occur as if the system is at a temperature
T = 1/β, where T is in energy units.

Figure 2C describes the switch in terms of chemical flux

J0 = Pr(p|d) Pr(d) = Pr(d|p) Pr(p) (A.8)

which represents the flow of probability from one switch position to another.
This description is useful if the switch is fueled by an external source such
as a GTP/GDP disequilibrium. A flow of energy from GTP/GDP into the
switch is turned into heat Q⊙ in the time interval ∆t

Q⊙ = J0 q = −∆G⊙ (A.9)

where −q is the amount of heat released when a GPCR transitions from the
“off” position to the “on” position and back; and ∆G is the amount of the
free energy from GTP that is injected into the switch in time ∆t. The minus
sign indicates that the heat is leaving the switch. Equation A.9 describes
the flow of entropy through the switch. A flow of entropy of this nature
is essential for life [48]. We take flux J0 as the external driver of emergent
behavior in the switching system.

The details of ligand/receptor binding are an important part of the overall
picture. The inclusion of ligand kinetics is shown in Figure 2D. The interac-
tion between the ligand and the free receptor f to form the bound associated
state a is modeled using Michaelis-Menten kinetics [6]. The forward reaction
rate is given by k+L where L represents the ligand concentration, while the
reverse reaction rate is k−

Within the associated state a, the receptor can adopt different internal
states corresponding to the switch positions. The probability that the recep-
tor is in the dephosphorylated “off-”state d given that it is in a is denoted as
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Pr(u|a). Similarly, the probability that the receptor is in the phosphorylated
“on” state is Pr(b|a). The observed probabilities Pr(d) and Pr(p) are

Pr(d) = Pr(a) Pr(u|a) (A.10)

and
Pr(p) = Pr(a) Pr(b|a) (A.11)

Aspects of the ligand/receptor binding kinetics were observed in [68].
Specifically, it was observed that the ligands remained bound to within the
time range of the experiment even if the extracellular fluid was washed free
of ligands. The details of these observations provide insight into the role that
the switch position plays in ligand binding. In this study, we do not address
this process. This will be addressed in a follow-up study.

The transmission of information I [59, 2, 20] through the switch is:

I =
∑

i∈{d,p}

∑
j∈{d,p}

Pr(j|i) Pr(i) log

(
Pr(i|j)
Pr(i)

)
(A.12)

I = J0 log

(
Pr(d|p) Pr(p|d)
Pr(d) Pr(p)

)
+(Pr(d)−J0) log

(
Pr(u|u)
Pr(d)

)
+(Pr(p)−J0) log

(
Pr(b|b)
Pr(p)

)
(A.13)

Maximization of the information transmitted through the switch subject to
the constraints that the total energy Ē of the switch is given and the flux J0 is
an externally determined constant leads to what we refer to as the Biological
Ensemble

Pr(d)2 [ Pr(p)−J0 ] exp(−βEp) = Pr(p)2 [ Pr(d)−J0 ] exp(−βEd) (A.14)

Ē = Pr(d) Ed + Pr(p) Ep (A.15)

where Ed is the energy of the switch in the off position and Ep is the energy
of the switch in the on position. The word “ensemble” is commonly used
in two related concepts. It can be used to describe the probability given by
Eq. A.14 of finding a switch in the p position or it can describe an imaginary
collection of switch states that have probability given by Eq. A.14 or another
equation such as the Canonical Ensemble [53].
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The Biological Ensemble, Eq. A.14, determines the theoretical outcomes
and testable predictions that can be used to inform the experimental obser-
vations of [68]. Like the Canonical Ensemble in equilibrium thermodynamics
[53], the Biological Ensemble can predict microscopically observable behavior
such as the impedance measurements described in the previous section. To
see this, we assumed that the switch positions are correlated with the GPCR
conformations generated by the Z and E forms of the ligand. It follows that
Eq. A.14 predicts the relationships among the impedance observations in
[68]

Three solutions of the biological ensemble exist for small chemical flux
J0 = 0 (Figure 3A). One solution (yellow) corresponds to the Canonical
Ensemble [53] valid for systems in thermal equilibrium. We refer to this
solution for all permissible flux values J0 as the Thermodynamic Branch
[51]. Two other solutions are Pr(p) = 1, Pr(d) = 1− Pr(p) = 0 and Pr(p) =
0, Pr(d) = 1 − Pr(p) = 1 (blue and red). We refer to these solutions as
the kinetic branch. It should be noted that J0 = 0 represents the conditions
typically used to determine ligand binding to receptor equilibrium constants
(binding isotherms) and rate constants (dissociation rate).

The solutions in Figure 3 represent the local maximums of information
transmission. The capacity of the system is at a local maximum in the
solutions. Two parameters determine the system output, the change in free
energy β(Ep − Ed) and the externally driven flux J0. Rapid shifts in these
two quantities may initiate a shift from one local maximum to another.

For most pharmaceutical applications, the control parameters are altered
by changes in the ligand and ligand conformation. Of particular importance
are jumps initiated by a change in ligand or ligand conformation that move
the switch from the “on position, Pr(p) → 1 to the “off position, Pr(d) =
1−Pr(p) → 1. One type of jump among solutions is particularly important,
jumps in which changes in ligand conformation lead to changes in the switch
position. This permits the ligand, which may be a drug, to control the
downstream cellular response to the ligand. In this study, we focus on the
identification of these jumps in the observations in [68]. This informs the
efficacy of a drug candidate.

Appendix B. Connection Between Experiment and Theory

The experimenters in [68] assumed the existence of a strong correlation
between the measured impedance and the downstream response. We explic-
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itly assume the simplest relationship between impedance and response, which
is linear

Pr(d) = 1− Pr(p) =
Z − ZDMSO

ZhPP − ZDMSO

, (B.1)

where ZhPP is the impedance measured with the endogenous agonist human
pancreatic polypeptide (hPP) and ZDMSO is the impedance for the solvent
DMSO (negative control). The Biological Ensemble is symmetric upon in-
terchange of p and d. Therefore, Eq. B.1 with p replaced with d is also a
possible connection between experiment and theory. As long as the relation-
ship between Pr(p) and Z is monotonic, the conclusions of this paper should
not be affected by the exact form of Eq. B.1. hPP and DMSO were used
to define the boundaries of observable impedance in [68]. The connection
between impedance Z and probability of the “on” position Pr(d) provides
visibility into how flux J0 and change in free energy β(Ep − Ed) change in
response to various ligand molecules and conformations of the molecules. Fig-
ure 3 provides the map for the relationship between impedance and control
parameters J0 and change in free energy for each ligand.

Appendix C. Information Landscape

Figure C.7 presents a conceptual schematic of the information landscape
described in Section 3.2, with the two control parameters, β(Ep−Ed) and J0,
plotted along the horizontal axes and the information content of the system
on the vertical axis. The surface contains peaks and valleys, representing
points where the time derivative of the information content is zero. These
extrema correspond to the NESS of the system. The specific NESS for the
modeled system are mapped in Figure 3. Each ridge in Figure C.7 marks a
local information maximum, although not necessarily the global maximum.

In Figure C.8, the global maxima of the Biological Ensemble solutions
are shown in black. Within this model, these black trajectories correspond
to the highest possible information transmission and thus represent the most
probable states of the system. The remaining trajectories represent local
maxima, quasistable states that can persist for extended periods, but are less
likely to occur naturally. For a system residing in one of these local maxima
to transition to the global maximum, it must experience a sufficiently large
perturbation to overcome the stability of the local state.

At the critical flux
J0 = ϕc ≈ 0.182 (C.1)
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Figure C.7: The two control parameters are given by the change in the free energy of
phosphate bonding, β(Ep − Ed), and the chemical flux, J0. The information content of
the system is displayed on the vertical axis. Local maxima and minima of the information
are locations of steady state for information content of the system.

The maximum information in the thermodynamic branch and the kinetic
branch is equal at free energy β(Ep −Ed) For flux greater than ϕc two small
isolated solution islands appear as seen in Figures C.8D-G. As the flux J0
increases further, the regimes eventually merge into a single continuous so-
lution at the maximum information value of J0 = 1/2, as seen in Figure
C.8I.

Figures C.8 B-I illustrate the three solutions as the flux J0 increases. At

J0 =
1

4
(C.2)

the thermodynamic branch reduces to the “off” state Pr(p) = 0 leaving only
the kinetic branch with finite probability for Pr(p). The thermodynamic
branch contains zero entropy and information for J0 > 1/4. Figs. 3G-I
illustrate the supercritical behavior of the two solutions of the kinetic branch
in this regime.

It is important to note that the optimal maximum-information solution
for the NESS is discontinuous. Phase transitions occur within the phase
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Figure C.8: The paths with the largest information transmission are outlined in black.
A. In the limit of zero flux, all paths have the same information transmission. B. For a
very small but finite flux J0, the thermodynamic branch has the highest capacity. The
highest capacity path for probability Pr(p) obeys the Canonical Ensemble. B.-I. For a
given flux J0, discontinuities in the high capacity path appear with changes in binding
energy β(Ep − Ed) The highest-capacity path represents a global maximum, while the
other possible paths represent local maximum, or quasi-stable states of the switch.

space defined by the control parameters J0 and β(Ep − Ed). This implies
that for a given flux J0, a minor change in the binding energy can lead to
a significant alteration in the switch state - “on” or “off”, particularly when
the energy is adjusted near a phase transition. Moreover, the system can
be prepared to lie on paths of local maximum of capacity. These states can
transition to the global maximum with a sufficient perturbation.
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