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Recent studies suggest that certain cellular sensory systems display
fold-change detection (FCD): a response whose entire shape, in-
cluding amplitude and duration, depends only on fold changes in
input and not on absolute levels. Thus, a step change in input from,
for example, level 1 to 2 gives precisely the same dynamical output
as a step from level 2 to 4, because the steps have the same fold
change. We ask what the benefit of FCD is and show that FCD is
necessary and sufficient for sensory search to be independent of
multiplying the input field by a scalar. Thus, the FCD search pattern
depends only on the spatial profile of the input and not on its
amplitude. Such scalar symmetry occurs in a wide range of sensory
inputs, such as source strength multiplying diffusing/convecting
chemical fields sensed in chemotaxis, ambient light multiplying the
contrast field in vision, and protein concentrations multiplying the
outputin cellular signaling systems. Furthermore, we show that FCD
entails two features found across sensory systems, exact adaptation
and Weber’s law, but that these two features are not sufficient for
FCD. Finally, we present a wide class of mechanisms that have FCD,
including certain nonlinear feedback and feed-forward loops. We
find that bacterial chemotaxis displays feedback within the present
class and hence, is expected to show FCD. This can explain experi-
ments in which chemotaxis searches are insensitive to attractant
source levels. This study, thus, suggests a connection between prop-
erties of biological sensory systems and scalar symmetry stemming
from physical properties of their input fields.

adaptation | sensory response | spatial search

Organisms and cells sense their environment using sensory
systems. Certain sensory systems have been extensively stud-
ied, and their input—output relations are well-characterized, in-
cluding human senses, such as vision (1, 2), touch, and hearing, and
unicellular senses, such as bacterial chemotaxis (3). Many sensory
systems have common features. One such feature is exact adapta-
tion in which the output to a change in input to a new constant level
gradually returns to a level independent of the input. A second
common feature, called Weber’s law, states that the maximal re-
sponse to a change in signal is inversely proportional to the back-
ground signal (4): Ay = kAu/u,, where k is a constant, y is the
output, and Au is the signal change over the background u.
Weber’s law in vision, chemotaxis, and other sensory systems ap-
plies over a range of several orders of magnitude of background
input levels. Note that this definition stems from current practice
that generalizes Weber’s original measurements on psychophysical
threshold sensitivity (4-7).

Recent studies of the input—output properties of certain cellular
signaling systems (8, 9) suggest that these systems show a feature
called fold-change detection (FCD): a response whose entire
shape, including its amplitude and duration, depends only on fold
changes in input and not on absolute levels (10) (Fig. 1 4 and B).
For example, a step change in input from, for example, level 1 to 2
gives precisely the same output as a step from level 2 to 4, because
the two steps have the same fold change. FCD is more general than
Weber’s law and exact adaptation: Weber’s law concerns only the
maximal initial response (Fig. 1D) and exact adaptation concerns
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only the steady state of the response (Fig. 1C), whereas FCD
concerns the entire shape of the response.

Here, we ask what might be the biological function of FCD.
We show that FCD is necessary and sufficient to make sensory
searches in which an organism moves through a spatial sensory
field invariant to the amplitude of the field. This may be useful, for
example, to make sensory searches invariant to the source strength
that multiplies the diffusing/convecting chemical fields sensed in
chemotaxis, the ambient light that multiplies the contrast field in
vision, and the stochastically varying protein concentrations that
multiply the output in many cellular signaling systems.

Furthermore, we ask what molecular mechanisms might give
rise to FCD. FCD places strong constraints on potential mecha-
nisms. A recent study showed theoretically that many known
models for biological regulation do not show FCD (10). That study
identified one mechanism that can provide FCD based on the in-
coherent feed-forward loop (IFFL). The IFFL is one of the most
common network motifs (recurring circuits in transcription net-
works) in which an activator activates both an output gene and
a repressor of that gene (11-14). Here, we ask whether one can
define a larger class of mechanisms for FCD. We present such
a large class of FCD mechanisms. These include specific kinds of
nonlinear integral-feedback loops. We show that one such loop is
found in the bacterial chemotaxis sensory circuit.

Finally, we show that FCD entails both exact adaptation and
Weber’s law but that these two features are not sufficient for
FCD. This study suggests a relationship between symmetries of the
physical world and the response and design of evolved sensors.

Results

Definition of FCD. Consider a system that has input u(¢) and output
¥(¢). The system is initially at steady state with y(t = 0) = y,. FCD
means that the output y(¢) is exactly the same for any two inputs
uy(¢) and u,(¢) that are proportional to each other, u,(t) = pu,(¢),
for any p > 0 and u,(¢) > 0. For example, consider two input steps
with the same fold change but different absolute levels (Fig. 14).
A system with FCD displays precisely the same dynamical re-
sponse to both steps (Fig. 1B), including equal amplitude and
response times.

FCD Entails Exact Adaptation and Weber's Law but Is Not Guaranteed
by Having Both. Exact adaptation means that the steady-state
output is independent on the steady-state level of input. FCD
entails exact adaptation, because FCD by definition means that,
for any two constant inputsu; and u, = pu, the steady-state output
must be the same. However, exact adaptation does not entail FCD:
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Fig. 1. Dynamics of sensory response to fold change in input. (A) Input
signal. Two step changes with identical fold change and different absolute
change (note log scale). (B) Output of FCD sensor is identical for the two
inputs, including amplitude and adaptation dynamics. (C) Output of a sensor
with exact adaptation but no FCD, because peak response and dynamics
depend on absolute changes. (D) Output of a sensor with exact adaptation,
Weber’s law, and no FCD. Weber’s law applies, because the peak response
depends only on relative change and thus, is equal for both step inputs;
however, FCD does not apply, because the temporal adaptation dynamics
depend also on absolute input levels.

Fig. 1C shows a system with exact adaptation, namely linear in-
tegral feedback (detailed later in Eqs. 9 and 10), that does not show
FCD, because it responds differently to two input steps with the
same fold change but different absolute levels.

FCD also generally entails Weber’s law, formulated as fol-
lowing (4): the maximal response y,,.., after a small step input
from ug to uq, is proportional to ui/uy (Materials and Methods).
However, Weber’s law (even together with exact adaptation)
does not necessarily entail FCD, as shown in Fig. 1D. In this
example, amplitude depends on relative change in input as in
Weber’s law, but FCD is not found because the adaptation time
varies with the absolute input strength.

FCD Allows Spatial Searches That Are Invariant to Input Source
Strength. We now study the effects of FCD on organisms that use
their sensory system to search in space. Consider an organism that
searches by sensing an input field. The sensory-system output y
guides the motion of the organism (Fig. 2), tending to bring it to
a desired spatial location. We define sensory fields with scalar
symmetry as fields that have the same pattern up to a multiplicative
constant (this can also be called amplitude symmetry). We find
that FCD is necessary and sufficient for the search to be invariant
to scalar symmetry of the input field (invariant to the amplitude of
the input field; proof shown in Materials and Methods). The in-
tuitive reason for this invariance is that FCD cancels out the am-
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Fig. 2. Organisms with movement based on FCD sensors. Schematic of FCD
output feeding into the spatial movement of the agent.

plitude of the input field by facilitating a search that depends only
on the relative changes in input that are generated as the sensing
organism moves through space.

Note that FCD is also necessary for the search to be invariant to
scalar symmetry of the input field. The putative system of Fig. 1D,
for example, has no FCD, because its adaptation time depends on
absolute input level. This would make the spatial search depend on
the amplitude of the input field. Because input amplitudes in most
sensory systems can vary by many orders of magnitude, such de-
pendence could lead to long or inefficient searches and thus, limit
the range of usefulness of the sensory system.

Note that at low signal levels, the cost of search might exceed its
benefit. Furthermore, at very low and very high input levels, sto-
chastic noise and saturation might affect the system. Thus, FCD is
expected to be useful only in a finite range of input stimuli.

We now give three examples of input fields that can have scalar
symmetry: bacterial chemotaxis, vision, and protein-based signal-
transduction system. In bacterial chemotaxis, bacteria perform
a spatial walk through a chemo-attractant field: u(7”, #). Along this
walk, they sense the concentration at their current position and
compute the tumbling rate (rate of random direction changes) to
climb up the gradient (Fig. 3) (15-22). The input field often results
from diffusion or convection from a source of attractant (23), and
bacteria attempt to accumulate at this source. Because the equa-
tions for diffusion or passive scalar convection are linear in the
source strength uy, the input field u(7”, ¢) is linear in the amplitude
u,. For example, diffusion from a pulse-like source at position 7
results in u( 7, 1) = u,/(4xDt)* *exp( — (F — Fy)*/4Dt), which is
linear in u;. The information about the position of the source is,
thus, encoded in the shape of the field, not in its amplitude.
Therefore, it is reasonable for bacteria to evolve a search pattern
that is independent of u.

Below, we show that recent models of bacterial chemotaxis
(Fig. 34) show FCD, predicting that bacterial chemotaxis should
be invariant to source strength. This is consistent with the results
of a classic experiment on bacterial chemotaxis. Mesibov et al.
(24) measured the number of Escherichia coli that swim into
a capillary containing attractant at concentration u; when placed
onto a glass slide with attractant concentration u;, (Fig. 3B). They
varied u; and u, across several orders of magnitude, keeping
up = ug/3.1. The number of bacteria that swim into the capillary
after 1 h was nearly constant across two orders of magnitude of
concentrations and varied by less than a factor of three across
three orders of magnitude (7 + 3 x 10° bacteria in the range from
1072 to 1 mM of a-methylaspartate) (Fig. 3C). This suggests that
the mean bacterial search process in this spatiotemporal attrac-
tant field is independent of the source strength, a feature that
may be provided by the FCD property of the chemotaxis system.

Shoval et al.
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Fig. 3. Bacterial chemotaxis search patterns do not depend on chemo-
attractant source concentration. (A) Bacterial chemotaxis is comprised of
runs and tumbles. When the bacteria sense an increase in attractant (i.e.,
movement in the right direction), they lower their tumbling frequency and
tend to continue in that direction. (B) The experiment by Mesibov et al. (24).
Bacteria are allowed to adapt to a background attractant concentration in
the plate. After a period of time, a capillary with attractant concentration
3.1 times higher than the background was presented. This formed an at-
tractant gradient, causing the bacteria to migrate to the capillary. The
number of bacteria reaching the capillary after 1 h was measured. The ex-
periment was repeated with different background concentrations, keeping
the capillary/background concentration ratio constant at 3.1. (C) The num-
ber of bacteria that reach the capillary was nearly constant over a three
order of magnitude change in background and capillary concentrations
adapted from ref. (24) (© Mesibov et al., 1973. J Gen Physiol 62:203-223)].
Plotted on the x axis is the average of the capillary and background con-
centrations of attractant.

A second example is vision. The reflectance of objects R(r) is
multiplied by the ambient light / to provide the contrast field sensed
by the eye, u = IR(r) (4). The eyes make spatial searches, for ex-
ample, by means of rapid movements called fixational eye move-
ments or saccades several times per second, which scan the visual
field. The visual system shows exact adaptation, as evidenced by
experiments that track the eyes and accordingly move the visual
field to cancel out these rapid eye movements, rendering the viewer
unable to discern contrast within seconds (25-27). Vision also
shows Weber’s law to a good approximation across three decades
of stimuli (28, 29). Because vision exhibits both exact adaptation
and Weber’s law, it might also show FCD, a hypothesis that is ex-
perimentally testable. FCD in the visual system would allow visual
searches to be independent on the strength of ambient light. In-
deed, experiments suggest that spatial visual searches, in which the
eyes search for specific objects within a visual field, are insensitive
to ambient-light levels across several orders of magnitude (30, 31).

Scalar symmetry might also occur in a range of molecular sen-
sing tasks, our third example. Consider signaling systems in a cell.
A typical case involves a signaling protein P whose concentration is
Py, which can be found in active or inactive forms, P* and P, re-
spectively. The rates of transition between these forms are v, and
v, and depend on the input signal u (Eq. 1):

Shoval et al.

vi(u)
Py=P" [1]

va(u)

The resulting concentration of active protein (the input to down-
stream components) is a function of the input, multiplied by a
scalar, Pr (Eq. 2):

L vi(w)
P= vi(u) + vz(u)PT [2]

The multiplicative factor Py is a protein concentration. Protein
concentrations are known to vary stochastically from cell to cell
and in the same cell over time, typically by tens of percents (32—
36). An FCD system downstream of P* would allow response
to changes in input u# and yet, cancel out stochastic variations in
Pr (9, 10).

Class of Mechanisms That Show FCD. Here, we provide conditions
for the internal sensor structure that are sufficient for FCD. Con-
sider a system described by a set of ordinary differential equa-
tions, with internal variables x, input u, and output y. The dy-
namics of these variables are (Eqgs. 3 and 4)

x=f(xyu) [3]

y=gxyu) (41

FCD holds if the system is stable (37, 38), shows exact adapta-
tion, and g and f satisfy the following homogeneity conditions for
any p > 0 (Egs. 5 and 6):

flpx, y, pu) = pflx, y, u) (51

gpx, y, pu) = gx, y, u) [6]

(proof shown in Materials and Methods). If f is linear, then this
condition is also necessary for FCD. A generalization of this
condition, replacing px by a function ¢(p, x), is also provided in
Materials and Methods. Note that, in a system that exhibits exact
adaptation, the condition in Eq. 6 is sufficient to yield Weber’s
law (Materials and Methods).

We now discuss examples of FCD mechanisms based on these
conditions. The first example is the incoherent feed-forward loop
presented in ref. 10. Here, an activator u activates gene y and
repressor x, which represses y. When u is in its linear regime and
y is near saturation, one has (Egs. 7 and 8)

X=u-x [7]
.u
y=:7v [8]

where x # 0. These equations satisfy conditions in Egs. 5 and 6
and show FCD (Fig. 44). Note that here and in all of the
examples that we consider, FCD holds only when the input u and
controller x are far enough from 0. Generally, we expect FCD to
hold only for a range of inputs: not too small so that ratio-based
(u/x) comparisons can be made without x being too close to 0 and
not too large to saturate the sensor.

Note that not all IFFL designs show FCD [we find that none of
the list of feed-forward loop (FFL) designs compiled by ref. 39
show FCD]. For example, an incoherent FFL called a sniffer (40,
41), in which x enhances y degradation rather than repressing y
production, does not show FCD (in the sniffer, Eq. 8 isy = u —xy,
allowing exact adaptation but not FCD; the condition in Eq. 6 does
not hold, except in a limit mentioned in ref. 10).
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Fig. 4. Mechanisms for FCD. (A) Incoherent feed-forward loop. (B) Non-
linear integral feedback. (C) Linear integral feedback with log input (satisfies
FCD using generalized conditions; Materials and Methods and S/ Text).

A well-known mechanism for exact adaptation, called integral
feedback, does not provide FCD in its commonly used linear
form (42, 43). Integral feedback involves feeding back on y by
a controller x, which integrates the error between y and its de-
sired steady-state level y, (Eqs. 9 and 10)

X=y=yo [9]

y=u-x-y [10]

These equations do not meet either of the conditions in Egs. 5
and 6, and FCD is not found (Fig. 1C). Indeed, because this is
a linear system, it must show response amplitude that increases
with absolute signal strength and cannot show FCD.

The present conditions point the way to modifying linear in-
tegral feedback to achieve FCD. The following mechanism mul-
tiplies the errory —y( by x to satisfy the condition in Eq. 5 and uses
aratio-based controller u/x to satisfy the condition in Eq. 6 (Egs. 11
and 12):

[11]

x=x(y—yo)

y=u/x=y [12]

This nonlinear feedback loop shows FCD (Fig. 4B). These equa-
tions are stable (SI Text) and reminiscent of certain forms of
adaptive control (44). In addition, if the dynamics of y are very fast
compared with x, one can replace y with its steady-state value and
still obtain FCD (Egs. 13 and 14)

X :x(y—yo)

[13]

y =glu/x) [14]

for any function g.

A third example in shown in Fig. 4C, where a linear integral
feedback system is provided with a log-transformed input. This
mechanism satisfies more general FCD conditions detailed in S/
Text. In addition, relationships between the three mechanisms
depicted in Fig. 4 can be found using variable transformations, as
discussed in ST Text.
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Model of Bacterial Chemotaxis Shows FCD. A recent study by Tu et al.
(3) provides a model of bacterial chemotaxis that captures a wide
range of experimental findings by the Berg lab, including small
signal response, response to exponential ramps and sinusoidal
perturbations, and large-step responses. The input of the system is
the chemoattractant ligand concentration u. The output y is the
receptor activity that determines the rate of tumbles that guide the
bacteria up chemoattractant gradients (Fig. 34). The model is
based on a Monod-Wyman-Changeux (MWC) description of re-
ceptor clusters that rapidly responds to attractant and generates
a signal that affects the cells tumbling frequency. Exact adaptation
is provided by a slow integral feedback loop, first described by
Barkai and Leibler (45, 46), that adjusts receptor methylation level
and affects its affinity to the attractant. The model in ref. 3, for
a wide range of ligand input, can be written as (Methods) (Eqgs. 15
and 16)

i = xF(y) [15]
1

E— 16

Y ol

where F has a single stable fixed point F(yo) = 0. Here, the
variable x represents the effective K; of the receptors for at-
tractant, which depends on the methylation level of the recep-
tors. This approximation to the full model holds in the range
K; << u << Ky, a range of more than two orders of magnitude
for attractants such as a-methylaspartate, for which K; = 18 pyM
and K4 = 2.9 mM. These equations satisfy the present conditions
for FCD (Eqgs. 5 and 6). Thus, we predict that the response to
two steps with the same fold change would yield identical output.
As discussed above, the experimental results of Mesibov et al.
(24) support the FCD behavior of bacterial chemotaxis.

Discussion

This study considered mechanisms and functions of FCD, a
property of systems in which the complete dynamics of the
output, including its amplitude and response time, depend only
on fold changes in the input and not on absolute input level. We
find that FCD is necessary and sufficient to allow organisms to
search in a spatial input field in a way that is invariant to mul-
tiplying the field by a constant. This can explain experiments in
which searches in bacterial chemotaxis and vision are inde-
pendent of variations over several orders of magnitude in at-
tractant source and ambient light, respectively.

FCD entails two commonly found features of sensory systems,
exact adaptation and Weber’s law. However, we found that these
features are not sufficient for FCD. Weber’s law concerns only
response amplitude, whereas FCD includes the amplitude, ad-
aptation time, and indeed, full temporal profile of the dynamics.
Thus, one may view Weber’s law and exact adaptation observed
in sensory systems as stemming from FCD.

The present study provides a range of mechanisms that can
provide FCD. These mechanisms include certain nonlinear in-
tegral feedback loops, one of which seems to be found in the
chemotaxis sensory circuit of E. coli.

Future work may investigate the possibility of FCD in other
sensory systems and molecular signaling in cells. Examples include
sensory modalities such as auditory searches for sound sources and
olfactory searches for odorant sources (47-50). Experiments can
investigate this on several levels: whether search movement is in-
dependent of signal source strength, whether the input—output
relationship shows FCD, and whether the molecular mechanism
follows the present conditions for FCD. Such studies can test the
hypothesis that FCD evolved in response to the scalar symmetry of
the sensory inputs found in nature to make searches independent
of the amplitude of sensory fields.

Shoval et al.
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Materials and Methods

Sufficient Conditions for FCD. Consider a system with x = f(x,y,u) and
¥y = g(x,y, u) that shows exact adaptation to a steady-state output y = y. Here,
we show thatif f(px, y, pu) = pfix, y, u) and g(px, y, pu) = g(x, y, u), then FCD holds.
Compare the output of the system to two different inputs: us(t) and u,(t) with
a constant ratio P > 0 between them, u,(t) = pu,(t). At time 0, the system is
adapted, y = yp to constant input u; (0) = u? and uy(0) = ug. Thus, attime 0, f=
0and g =0, with corresponding x = xand xJ. Using the condition on f(Eq. 5), we
have that x3 = px? [because 7(x3,yo,u3) = f(x9, ¥, u1(t)) = 0, u = pu?, and
there is only one value for x that yields f = 0 at a given input u at steady state].
Consider the coordinate transformation for x, and u,: X2 = x2/p, U2 = Uz /p,
which yields X, = f(pX2,y,puz)/p = f(X2,y,Uz2) = g(X2,y,u1) using U, = us.
For y», >, = g(pXa2,y,ply)/p = f(X2,y, ur). Because the initial conditions for y
and x are equal (y? = y2 = yo,x? = X3) and their time derivatives are equal,
x1(t) = X2(t)and y»(t) = y4(t), and FCD holds. These conditions are also necessary
if fis a linear function such as g = Ax + Bu. S/ Text has a complete proof.

Conditions in Eqgs. 5 and 6 have additional consequences. Setting the
parameter p in Eq. 5 to P = 1/x yields }f(x,y,u) = f(1,y,u/x)=h(y, u/x). Thus,
f(x, y, u) = xh(y, u/x) is a function of the ratio u/x. Similarly, g(x, y, ) = w(y, u/x).
A more general result is discussed in S/ Text.

The sufficient conditions for FCD can be generalized: FCD holds if f(¢p:(p, x),
¥, pu) = oxdp(p, X)f(x, u, y) and g(d(p, x), y. pu) = g(x, u, y), as can be shown by
the same approach. Furthermore, FCD can be generalized to input symme-
tries other than scalar symmetry. In general, an input transformation can be
written as ®(p, u) (where p is any set of parameters). A sufficient condition
for having the output invariant under a ®(p, u) transformation is having
a function ¢(p, x) that gives f(dp(p, x), y, ®(p, u)) = dxd(p, X)f(x, y, u) and g(d(p,
X), ¥, ®(p, u)) = g(x, y, u). Proof is in S/ Text. In this context, note that sym-
metry in neuronal connections has been proposed to help detect symmetry
in input signals (51-53).

Tu et al. (3) Model of Chemotaxis Displays FCD over a Wide Range of Inputs. The
model of Tu et al. (3) suggests that receptor methylation m follows
m = F(a,m,[L]) = F(a—ao), where F is a decreasing function that crosses
0 when a = ap. The tumbling frequency of cells is determined by the receptor
activity a = G(m, [L]), where [L] is the ligand concentration. G follows from an
MWC (54) model of clusters of N receptors rapidly transiting between active
and inactive states and is given by G(m, [L]) = (1 + exp(f«{m, [LD)", with f(m,
[L]) = N[fy,(m) + f([L])]. The free energy is linear in methylation f,,(m) = «
(mo — m) and has a ligand-dependent term given by the MWC solution f;,
(ILD) = In(1 + [LVK)) = In(1 + [LV/K4), where K, and K, are the dissociation
constants for the inactive and active receptors, respectively. At ligand levels
between K; << [L] << K4, fi([L]) ~ In([LI/K)), which yields the activity function
(output of the system): y = a = G(m, [L]) ~ (1 + ([LVx(m))¥)~" where x(m) = K,
exp(= fn(m)) = K; exp(a{m — mog)). Thus, the condition in Eq. 6 is satisfied.
Taking the temporal derivative of x(m) yields x(m) = ax(m)F(y), and the
condition in Eq. 5 is satisfied. This model captures the response of E. coli to
the ligand a-methylaspartate very well with the parameter values a = 2, mg =
1,80 =13, N~ 6, K~ 18uM, and C = K/K, ~ 0.0062 (3).

FCD Is Sufficient and Necessary for Spatial Searches That Are Invariant to Scalar
Symmetry of the Input Field. The input field is u(7’, t), and the sensing agent
with position T'(t) senses the input field at its current position u(t) =
u(T (t),t). The agent moves through space with dynamics that depend, for
the purposes of this searching task, only on the output y of the sensory
system: T = q(y). FCD is sufficient: assume that FCD holds, thereby multi-
plying u(T’) by a scalar yields the same output y; thus, spatial dynamics of
the search T'(t) are also equal as they are determined by y. FCD is necessary:
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assume that the spatial search pattern is identical when multiplying u by
a scalar p; if the function g(y) is one to one, then y must also be invariant to
the scalar p, and FCD follows (a similar argument can be given if the position
T is computed by a more general multidimensional system, and the system
is observable in the sense of control theory) (37). Note that in this proof, q(y)
can be either deterministic or a stochastic process whose distribution is
controlled by y (like tumbles in bacterial chemotaxis). In the latter case, the
search distribution (including its moments such as the mean search time) is
invariant to scalar symmetry of the input field.

FCD Generally Entails Weber's Law. Compare the change in y for small-input
step-like perturbations around two steady states adapted to constant inputs
uy and u, (both have y = yo). A Taylor expansion yields the following re-
sponse at time t > 0: Ay, = aug\u‘ Auq and Ay, = dug|uzAuz. Because of FCD,
perturbations with the same fold change Au,/u, = Auq/uq result in the same
output. Hence, uz/u1dugl,, = dugl,,- Using us = 1 and denoting k = 9,9lu=1
yields Ay = kAu/u. Thus, for small perturbations, the entire shape of the
output y will linearly depend on the relative change in input, including the
peak response that is Weber’s law. In this derivation, Weber’s law requires g
to have a nonzero first derivative at u = 1. In the singular case that this de-
rivative is 0 (d,gl,-1=0), Weber's law does not hold, but a generalization can be
made using the first nonzero derivative k, = aL"Jg‘H, which gives Ay = kn(Au/
u)"/n!. SI Text has a detailed analysis. Note that in Weber's law, the relation
between sensory response and fold change in input is linear y/ebe" — ku /uq,
whereas FCD allows a response of general form y"P = f(uy/uq).

In addition, as discussed in Results, the condition in Eq. 6 in a system
exhibiting exact adaptation is sufficient for Weber’s law for small input steps.
Consider the change in y for small-input step-like perturbations around two
steady states adapted to constant inputs u; and u, (because of exact adapta-
tion, both have y = yo). The ratio of inputs is p = u,/u;. At steady state g
(X1, Yo, U1) = g(x2, Yo, U2) = 0. The condition in Eq. 6 and stability yield x, =
px1. Thus, the response to a small change in input Au, results in
AY; = 0uGly, yo.u, AU2 = 0uGlps, yo puy PAUT = 0ugly, o o, PAUL. SEtting U1 =1, Uz =
u yields Weber's law Ay = kAu/u, where k is the partial derivative of g. See SI
Text for a more general proof.

Weber's Law and Exact Adaptation Do Not Necessarily Entail Each Other and
Having Both Does Not Guarantee FCD. Example for exact adaptation without
Weber's law: consider a linear integral feedback system where x = y — y; and
y = u—x. At steady state, x = u — yp and y = yo. A small perturbation in input
du results in a response dy = du, and Weber’'s law does not hold. Example for
Weber’s law without adaptation: x = u—x and y = u/x — z(x). At steady state,
Xo = u and yo = 1 — z(u). Thus, y does not adapt and depends on input u.
However, Weber’s law holds: a small perturbation du results in dy = dul/u.
Example of a system with Weber’s law and exact adaptation but without
FCD: x =y —yo and y = u/x —y. The system adapts to a steady state y = y,
and a small perturbation in input yields dy = yodu/u, giving Weber’s law.
However, the condition in Eq. 5 is not satisfied and FCD does not hold (this
example was used for Fig. 1D), because the adaptation time depends on
absolute signal levels.

ACKNOWLEDGMENTS. We thank M. Kirschner, J. J. E. Slotine, H. Berg, Y. Tu,
and T. Shimizu for useful discussions. O.S. is grateful to the Azrieli
Foundation for the award of an Azrieli Fellowship. O.S. and U.A. thank
the Department of Systems Biology at Harvard Medical School for hospital-
ity. L.G. is a Robert Black Fellow of the Damon Runyon Foundation (DRG-
1958-07). This work was supported by the US National Institutes of Health
(E.S.), the Air Force Office of Scientific Research (E.S.), the Kahn Family
Foundation (U.A.), and the Israel Science Foundation (U.A.).

10. Goentoro L, Shoval O, Kirschner MW, Alon U (2009) The incoherent feedforward loop
can provide fold-change detection in gene regulation. Mo/ Cell 36:894-899.

11. Milo R, et al. (2002) Network motifs: Simple building blocks of complex networks.
Science 298:824-827.

12. Shen-Orr SS, Milo R, Mangan S, Alon U (2002) Network motifs in the transcriptional
regulation network of Escherichia coli. Nat Genet 31:64-68.

13. Mangan S, Alon U (2003) Structure and function of the feed-forward loop network
motif. Proc Nat/ Acad Sci USA 100:11980-11985.

14. Alon U (2007) Network motifs: Theory and experimental approaches. Nat Rev Genet
8:450-461.

15. Berg HC (2004) E. coli in Motion (Springer, Berlin).

16. Dahlquist FW, Lovely P, Koshland DE, Jr. (1972) Quantitative analysis of bacterial
migration in chemotaxis. Nat New Biol 236:120-123.

17. Levchenko A, Iglesias PA (2002) Models of eukaryotic gradient sensing: Application to
chemotaxis of amoebae and neutrophils. Biophys J 82:50-63.

18. Kalinin YV, Jiang L, Tu Y, Wu M (2009) Logarithmic sensing in Escherichia coli bacterial
chemotaxis. Biophys J 96:2439-2448.

PNAS Early Edition | 5of 6

SYSTEMS BIOLOGY


http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT

L T

z

1\

BN AS  DNAS P

19.
20.

2

=

22.

23.

24.

25.

26.

27.

28.

29.

30.

3

=

32.

33.

34.

35.

36.

Keller EF, Segel LA (1971) Model for chemotaxis. J Theor Biol 30:225-234.
Celani A, Vergassola M (2010) Bacterial strategies for chemotaxis response. Proc Nat/
Acad Sci USA 107:1391-1396.

. Block SM, Segall JE, Berg HC (1983) Adaptation kinetics in bacterial chemotaxis.

J Bacteriol 154:312-323.

Koshland DE, Jr, Goldbeter A, Stock JB (1982) Amplification and adaptation in
regulatory and sensory systems. Science 217:220-225.

Blackburn N, Fenchel T, Mitchell J (1998) Microscale nutrient patches in planktonic
habitats shown by chemotactic bacteria. Science 282:2254-2256.

Mesibov R, Ordal GW, Adler J (1973) The range of attractant concentrations for
bacterial chemotaxis and the threshold and size of response over this range. Weber
law and related phenomena. J Gen Physiol 62:203-223.

Hurley JB (2002) Shedding light on adaptation. J Gen Physiol 119:125-128.
Martinez-Conde S, Macknik SL, Hubel DH (2004) The role of fixational eye movements
in visual perception. Nat Rev Neurosci 5:229-240.

Coppola D, Purves D (1996) The extraordinarily rapid disappearance of entopic
images. Proc Nat/ Acad Sci USA 93:8001-8004.

Fain GL, Matthews HR, Cornwall MC, Koutalos Y (2001) Adaptation in vertebrate
photoreceptors. Physiol Rev 81:117-151.

Rieke F, Rudd ME (2009) The challenges natural images pose for visual adaptation.
Neuron 64:605-616.

Hagenzieker MP, Van der Heijden AHC (1993) The influence of luminance on lo-
calization and identification performance in a partial-report bar-probe task. Visual
Search 2, (Taylor & Francisl, New York), pp 349-355.

. Walkey HC, Harlow JA, Barbur JL (2006) Changes in reaction time and search time

with background luminance in the mesopic range. Ophthalmic Physiol Opt 26:288-
299.

Rao CV, Wolf DM, Arkin AP (2002) Control, exploitation and tolerance of intracellular
noise. Nature 420:231-237.

Sigal A, et al. (2006) Variability and memory of protein levels in human cells. Nature
444:643-646.

Elowitz MB, Levine AJ, Siggia ED, Swain PS (2002) Stochastic gene expression in
a single cell. Science 297:1183-1186.

Kaern M, Elston TC, Blake WJ, Collins JJ (2005) Stochasticity in gene expression: From
theories to phenotypes. Nat Rev Genet 6:451-464.

Thattai M, van Oudenaarden A (2001) Intrinsic noise in gene regulatory networks.
Proc Natl Acad Sci USA 98:8614-8619.

6 0of 6 | www.pnas.org/cgi/doi/10.1073/pnas.1002352107

37.
38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

5

=

52.

53.

54.

Sontag ED (1998) Mathematical Control Theory (Springer, Berlin)2nd Ed.

Lohmiller W, Slotine JJ (1998) On contraction analysis for nonlinear systems. Auto-
matica 34:683-696.

Sontag ED (2010) Remarks on feedforward circuits, adaptation, and pulse memory.
IET Syst Biol 4:39-51.

Tyson JJ, Chen KC, Novak B (2003) Sniffers, buzzers, toggles and blinkers: Dynamics of
regulatory and signaling pathways in the cell. Curr Opin Cell Biol 15:221-231.

Ma W, Trusina A, El-Samad H, Lim WA, Tang C (2009) Defining network topologies
that can achieve biochemical adaptation. Cell 138:760-773.

Yi TM, Huang Y, Simon MI, Doyle J (2000) Robust perfect adaptation in bacterial
chemotaxis through integral feedback control. Proc Nat/ Acad Sci USA 97:4649-4653.
Sontag ED (2003) Adaptation and regulation with signal detection implies internal
model. Syst Control Lett 50:119-126.

Slotine JJE, Li W (1991) Applied Nonlinear Control (Prentice Hall, Englewood Cliffs,
NJ).

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

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

Torre V, Ashmore JF, Lamb TD, Menini A (1995) Transduction and adaptation in
sensory receptor cells. J Neurosci 15:7757-7768.

Reisert J, Matthews HR (2001) Response properties of isolated mouse olfactory
receptor cells. J Physiol 530:113-122.

Menini A, Picco C, Firestein S (1995) Quantal-like current fluctuations induced by
odorants in olfactory receptor cells. Nature 373:435-437.

Troemel ER, Kimmel BE, Bargmann Cl (1997) Reprogramming chemotaxis responses:
Sensory neurons define olfactory preferences in C. elegans. Cell 91:161-169.

. Phama Q, Slotine JJ (2007) Stable concurrent synchronization in dynamic system

networks. Neural Networks 20:62-77.

Gérard L, Slotine JJ (2008) Neuronal networks and controlled symmetries, a generic
framework. arXiv:q-bio/0612049v4 [g-bio.NC].

Kashtan N, Alon U (2005) Spontaneous evolution of modularity and network motifs.
Proc Natl Acad Sci USA 102:13773-13778.

Monod J, Wyman J, Changeux JP (1965) On the nature of allosteric transitions: A
plausible model. J Mol Biol 12:88-118.

Shoval et al.


www.pnas.org/cgi/doi/10.1073/pnas.1002352107

L T

/

1\

=y

Supporting Information

Shoval et al. 10.1073/pnas.1002352107

SI Text

Generalized Fold-Change Detection: Symmetry Invariance. We study
general systems with inputs and outputs of the following form (Eq.
S1 A4 and B):

x=f(x,u) [S14]

y=hx,u) [S1B]

where 1 = u(¢) is a stimulus, excitation, or input function andy =
¥(¢) is a response or output function. We are using here the stan-
dard control-theory formalism: typically, y represents a selection
of one of the state variables x;, which quantifies the response of
the system. This variable, which is one of the coordinates of x,
satisfies a differential equation, and the output map 4 is of the
formy = h(x) = x,. Egs. 3 and 4 are for this special case, which is
also discussed in detail in Coordinate projection.
As usual, Eq. S1 is meant as shorthand for

dx
70 =F&(0).u(0)
y(t) = hix(t),u(r))
The spaces of states, input values, and output values, X, U, and Y,
respectively, are subsets of Euclidean spaces R”, R”, and RY,
respectively, and u : [0, 00)>U,x : [0, 00)>X,y : [0, 0)—>Y.
Our central question is as follows. Suppose that we are in-

terested in understanding how a certain set of transformations P
or symmetries (Eq. S2)*

n:U-U,u - nu [S2]

acting on the space U of input values affects the response of the
system. The set = € P might constitute, for example, a group of
rotations, translations, and/or dilations in an image-recognition
system.

Specifically, we are interested in what one might call response
invariance to symmetries in P: the system response that is ob-
served after a jump from some constant value of u to a new input
v(t) will be the same as if we started instead with the constant
value n(x) and then jumped to n(v(¢)). For example, suppose that
we are watching a distant static image, and suddenly, a target
appears in the visual field. Our response should be identical
(if response invariance to translations is valid) when we observe
the image from a displaced location.

One particular example of interest is P = U = R, (positive real

numbers) and nu = multiplication. The requirement that the re-
sponse should be the same when jumping from u to v as when
jumping from pu to pv, for any p > 0 means that the response only
depends on the fold change or ratio v/u. We use the terminology
fold-change detection (FCD) because of this motivation.
Technical assumptions. We take the functions f, & to be differen-
tiable and make the assumption that, for each input u:[0, 0)—>U
and each initial state £ € X, there is a (unique) solution of the
initial value problem (Eq. S1) with initial condition x(0) = &.¥ We
denote this solution as:

*The transformations = are allowed to be nonlinear. We write nu for notational simplicity
but use n(u) when there may be a possible confusion.

For the purposes of this note, we may think of inputs u(t) as piecewise-continuous
functions and solutions x(t) as continuous and piecewise differentiable. More generally,
one could consider Lebesgue-measurable locally essentially bounded inputs u, and the
definition of solution is that x(t) is an absolutely continuous function for which the
differential equation holds almost everywhere. See ref. 1 for details.

Shoval et al. www.pnas.org/cgi/content/short/1002352107

b, & u)

and the corresponding output as:

W(t> E_,,ll) = h(¢(t> €, u)7 Lt(t))
We also make the assumption that, for each constant input u,
there is a unique steady state, which we denote as o(«). That is to
say, there is a unique solution of f(x, u) = 0 given by x = o(u)
(Eq. S3):

flo(u),u=0) [S3]

We will say that the system is stable® if, in addition, it holds that
every trajectory approaches ¢(u) when the constant input u(f) = u
is used, which is to say:
}l‘l}, ot &, u) =c(u) for allt e X,u € U.

Here and later, we make the abuse of notation of viewing an
element u € U both as an input value u(¢) € U and as a constant
input function u:[0, 00)—U; the meaning should be clear from
the context.
Main definitions. Suppose a system (Eq. S1) and a set of symmetries
n € P asin Eq. S2.8

Definition: property FCD is satisfied if the equality

y(t,o(u),v) = y(t,o(mu), ) (FCD)

holds for all constants u € U, all input functions v: [0, c0)—-U, all
reP,andall ¢ > 0.7

A consequence of FCD is as follows. Suppose that we use v(¢) =
v (constant function) in the definition of FCD . Then, evaluating
att = 0 and using that, by definition, y(0, o(u), v) = A(¢(0, o(u),
v), v(0)) = h(o(u), v) (Eq. S4):

h(o(u),v) = h(c(mu),nv) for allu € U,v € U, ne. [S4]

Definition: the system perfectly adapts to constant inputs if there
exists some value yy € Y so that

h(o(u),u) =yoforallu e U
Remark: suppose that a system perfectly adapts to constant in-
puts and also, that it is stable in the sense previously defined. This
means that, given any initial state £ € X and any constant input
u, d(t,& u)—o(u) as t>oo. It then follows that

w(t,&u) = h(d(t, & u),u) > h(o(u),u) = yo.
This stronger property of output convergence to the same value
¥o, independent of initial state, is often taken as the definition of
perfect adaptation.

*A more proper mathematical term is attracting, because this weak definition of stability
does not rule homoclinic phenomena.

5To be precise, we should require that n(v(t)) be a piecewise-continuous function (or more
generally, Lebesgue-measurable) whenever v(t) is a piecewise-continuous function. Ask-
ing that every n€P be continuous is enough to guarantee this requirement.

"The expression nv on the right side of FCD means the input w(t) = n(v(t)). We could just
require the property to hold only for t > 0, but the property would be equivalent, taking
limits as t—07.

10f6


http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
www.pnas.org/cgi/content/short/1002352107

L T

/

1\

=y

FCD Implies Perfect Adaptation and Weber's Law. 2.1 Perfect adap-
tation. We say that the action is transitive on inputs if the fol-
lowing property holds: for each pair of distinct u, v € U, there is
some n = m,, such that v = mu.

The mostinteresting example of transitive action in our context is
as follows: U =P = Rg, (m vectors consisting of positive entries)
and n(u) = (pyuy, . - .,p:num)T, which we write as pu, if © = (py, . . .,
Pm)- Clearly, m,,,, = (vi/uy, . . ., V;u/ii,,) achieves mu = v.

Lemma 1: suppose that the action of is transitive on inputs.
Then, FCD implies perfect adaptation.

Proof: pick an arbitrary element uy € U and define y,: =
h(o(uo), uo). Now, pick an arbitrary w € U. By transitivity, there
exists some © € P such that muy = w. We now apply Eq. S4 with
u = uy and also v = uy: h(o(w), w) = h(o(nug), mug) = h(o(uo),
uy) = yo, as required for adaptation.

2.2 Weber's law. We now discuss connections between the FCD
property, relative to the symmetries u » pu (U = P =R.,)~ and
the Weber or Weber-Fechner law of perception.

There are several versions of Weber’s law. The textbook (1)
provides two relevant definitions (a third one, based on steady-
state sensitivity, is irrelevant to systems that perfectly adapt). The
main definition used in ref. 1 can be phrased, using our nota-
tions, as follows.

Consider the maximum deviation of the output in response to
a step from an input value u to an input value v:

lP("?”) = IIII>%X ‘W(tv G(”)vv) —)’0|>

where yo = h(o(u), u) is the adapted value of the output. Sup-
pose that ¥ is differentiable and introduce the sensitivity of the
response

oY (v,u)
S =
W) ="
With these concepts, ref. 1 defines the Weber law as asserting
that S(u) is (approximately) inversely proportional to u, which
we formalize as there exists a constant k& such that

FCD implies Weber's law. FCD implies that ¥(v, u) = f(v/u),
for some function f, which we assume is differentiable, and
therefore,

v=u
and Weber’s law is indeed satisfied with k = '/ (1).
An intuitive way to restate this property is as follows. We
expand ¥ to first order around v = u, and therefore,!

Yv,u) =Yu,u)+Su)v-u)+ov-u).

If the system perfectly adapts, then W(u, u) = 0, and therefore,
Weber’s law amounts to the property ¥(v,u) = % If we write
Ay = ¥(v, u) to represent a maximal response change in output
and Au = v — u, we can write

Au
Ay ~ k—.
Y u

More generally, one can prove that the entire response has the
same proportionality property. Take any two constant in-
put values u and v. Picking p = 1/u in the FCD condition w(z,
o(u), v) = y(t, o(mu), nv), we conclude that y(z, o(u), v) = y(,

IThe notation o(x) means that o(x)/x—0 as x—0; in other words, o(x)«x for small x.

Shoval et al. www.pnas.org/cgi/content/short/1002352107

o(1),w) = O(t, w) where w = v/u. We expand Q(t,w) = O(t, 1) +
M@)(w - 1) + o(w — 1) to first order, where M(t) = %(t, 1), and
observe that Q(z, 1) = y(z, o(1), 1) = y, for all 7, where y,: = h
(o(1), 1) is the adapted value of the output. Note that y(¢) = w(z,
o(u), v) is the output that results after the input jumps from u to
v. Writing Au = v —u and w — 1 = Au/u, we conclude:

Au Au
— 4+ 0(_

My (0) =(t) =30 = M)~ + o

)7
which is one way to formalize Ay ~ k4% for all #. The function M(t)
can be computed explicitly, as follows:

M(t)=c(e*-1A""b+d

where
o

of oh oh
A= ax(gv 1)7B - au(i’ 1)76 - dx(g’ 1)ad - al/l(&, 1)

is a matrix and vectors of sizes n X n,n X 1, ¢ X n, and g x 1,
respectively, and & = o(1). This follows from the fact that that
the derivative is computed by solving the variational differential
equation z = Az + bu with output cz + du (see the proof of
theorem 1 in ref. 1). Observe that, when M(¢) = 0, one can ex-
pand to higher order, in which case Ay(f) becomes proportional
to a power (Au/u).

Psychophysical sensitivity. There is a second possible definition of
Weber’s law, also discussed in ref. 1, based on psychophysical
sensitivity and defined as follows. We let r be the smallest pos-
sible observable response (in a subjective sense of an individual
responding to a stimulus or of a given physical measurement)
and let R(u) be the smallest value of the constant input v for
which ¥(v, u) = r. Thus, v represents the smallest input that
elicits an observable response. Now, the sensitivity S(u) is de-
fined as 1/R(u), and Weber’s law is once again the property that
S(u) =& for some k. We prove that FCD implies this version of
Weber’s law as well.

Indeed, let f be as defined, and therefore, R(u) = inf ,{f(v/u) =
r}. We assume that f is monotonic before reaching its global
maximum or minimum (which is satisfied when there is a unim-
odal response) and introduce the function g as the inverse of f in
its initially monotonic interval. Thus,

u

R(u) = il‘}f{v/u :g(r)} =ug(r) = Z

with k: = 1/g(r). Therefore, Weber’s law in this psychophysical
sensitivity sense holds true, because S(u) = 1/R(u) =&

Sufficient Conditions for FCD. We discuss here a technique for
verifying the FCD property.

We will call a mapping p : X—X an equivariance associated to
a given symmetry m € P if it is differentiable and satisfies the
following properties (Eq. S5):

flplx), mu) = p, (X)f (x,u) [S5]
and (Eq. S6)
h(p(x),mu) = h(x,u) [S6]

for all x € X and u € U, where p, denotes the Jacobian matrix
of p.

Note that we are using a slightly more compact notation than in
the paper: we write p(x) instead of ¢p(p, x) if p is the equivariance
associated to a symmetry parametrized by p. Thus, p.(x) is the
same as oxdp(p, x).

Lemma 2: the steady-state mapping o interlaces = and its as-
sociated p as follows (Eq. S7):
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p(o(u)) =o(n(u)) forall ue U. [S7]
Proof: indeed, we use Eq. S5 with any u and x = o(u):

flp(o()),mu) = p,(x)f (6(u),u) =0,

because f(o(u), u) = 0, by definition of o(u); this means that
p(c(u)) is the steady state o(mu) corresponding to the constant
input 7, which is what Eq. S7 asserts.

Lemma 3: suppose that for each = € P, there is an associated
equivariance p. Then, FCD holds.

Proof: pick any neX, any constant # € U, and any input
function v: [0, 00)—U. Consider the two solutions x(¢) = ¢(t, o(u),
v) and z(¢) = @(t, o(mu), nv). We need to show that (Eq. S8)

hx(1), v(1)) = w(t, o(u), v) = w(t, o(mu),w)
= h(z(t), w(t)) [S8]

for every ¢t > 0.
Take an equivariance p associated to x and definex(¢) := p(x(¢)).
Because

%(0) = px(0)) = p(o(u)) = o(x(u))

(using Eq. S7) and

(d/dn(t) = p. (e(t) ) (x(1) v (1)) = f (x(2), 2 (1))
(using the chain rule and then Eq. S5), it follows, by definition
of @, that

2(1) =x(1) = p(x(1))-

Therefore, Eq. S8 becomes:

hx(t), v(1)) = h(p(x(1)), m(r)).
This property is the second equivariance condition (Eq. S6).
For controllable and observable systems, the condition in Lemma
3 is necessary as well as sufficient, as follows from uniqueness
results in minimal realization theory in control theory [3].

A Subset of Conditions That Is Sufficient for Weber's law. We con-
sider now the very special case of systems with two variables in
which the second variable is the output:

X1 = fi (1, x2,u) [S94]
Xz :fz (xl,xz,u) [S9B]
y =xo [S9C]

We assume that the system adapts (h(c(u), u) = y, for all u),
which translates in this special case to the following property:
o,(u) =y, for the second component of the steady-state map o.

We impose the following property for the second component f>
of f, but no assumptions are made for f;:

Fa(px1, yo, pu) = falx1, yo, u) [S10]

for all u € R, (as with the other Weber’s Law results, we are
restricting attention to the special symmetries u ~ pu with U =
P = R.).

We claim that, for small times t and small Au = v — u, there
holds the approximate Weber’s Law:

Au
u

where Ay(f) = y(t, o(u), v) — yo, for an appropriate constant ¢
(which is linearly dependent on #: ¢ = kt). Note that y(¢) = y(z,

Ay(t) =~ ¢

Shoval et al. www.pnas.org/cgi/content/short/1002352107

o(u), v) can be expanded to first order as y(t) = yo +y(0)t + o(¢),
and that y(0) = f2(o1(«),v0,v). Thus, we now give the precise
statement:

Proposition 1: Suppose that Eq. S10 holds, that f; is a differ-
entiable function, and that ¢ is a continuous function. Then,
there is a constant k such that

oo () o) = K=o ()
for all u, v.

Proof: Eq. S10 applied with p = 1/u, means that f5(xy, yo, ) =
F(xi/u): = f5(x1/u, yo, 1) for all x;, u. Thus, our objective is to
show that, for some constant k:

F(cl(u)) _grmu +0<v—u>
v u u
for all v, u. Since o is by definition the steady state map, we have
that f>(c1(), yo, u) = 0 for all u € R, that is,

F(—‘“(”)) -0
u
for all y.

So Eq. S11 can be restated as:

[S11]

[S12]

ol () =

ov

for all u. Because of the chain rule, we need to show that:

_Ff<°1(u)> oi(u) _ k

u u? u

or, equivalently, that:

F (Gl—w)w is constant.
u u

Let us write a(u): = o1(«)/u (this is a continuous function defined
on the positive reals). We need to show that F'(a(u))a(u) is
constant, knowing (from Eq. S12) that F(a(u)) is constant.

It is a general fact that F(a(u)) constant implies F’(a(u))a(u) is
constant, for any differentiable function F and any continuous
function a. To prove this general fact, let us call J the range
{a(u), u € R,o} of a. Since a is continuous, J is an interval. There
are two possibilities: (a) J has only one point or (b) J has interior.
Case (a) means that a is a constant function, which obviously
implies that F’(a(u))a(u) is constant. If, instead, case (b) holds,
then F’ must vanish identically on the interval J, which implies
that F'(a(u))a(u) = 0 for all u, and thus again this expression is
constant.

Examples of Generalized FCD Systems. Log-linear systems. FCD
properties for example shown in Fig. 4C. The system depicted in
Fig. 4C satisfies the general FCD conditions (Eqgs. S13 and S14)

f(q)(p7 x)7 y7 pu) = x(P(p7 x)f(xu Ll, y) [813]
8(op; x), y, pu) = glx, u, y) [S14]

using the transformation (Eq. S15)
o(p, x) = log(p) +x. [S15]

The above conditions are a slight generalization of the basic
conditions (Egs. 5 and 6) in Text. One can prove them directly
using the same methodology. In addition, they are a subset of
the generalized conditions discussed in Sufficient conditions for
FCD.
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General Analysis of Log-Linear Systems. An interesting class of
perfectly adapting systems with the FCD property is that of linear
systems with logarithmic memory-free input transformations or
more generally, nonlinear functions of such log-linear vector fields:

x = F(Ax + Blog u)
y = G(Cx + Dlog u)

where A, B, C, and D are matrices of sizesn X n,n X m, g X n,
and g X m, respectively, and F and G are differentiable maps,
possibly nonlinear, that vanish only at 0. For example, F and G
might be the identity mappings. We interpret log u as log(uy, .. .,
log um)T ifu=(uy,..., um)T is a vector.

Lemma 4: assume that P consists of scalings it = (pyuy, ...,
Puit)” and that the system perfectly adapts. Then, the system
has the FCD property.

Proof: given a constant input u, the corresponding steady states
x satisfy F(Ax + B logu) = 0, which, because of the property that
F vanishes only at 0, means that Ax + B log u = 0. Thus,
uniqueness of steady-states property is equivalent to the as-
sumption that A4 is invertible, and

ou) =— A~ 'Blogu.

Because h(o(u), u) = G(Co(u) + D logu) = G((D - CA™'B) log u),
perfect adaptation, the property that this expression must be in-
dependent of , amounts to the following condition (Eq. S16):

D—-CA™'B=0. [S16]
Given any n= (p1,...,ps)€ P, we define the equivariance
p(x) = x —A™'B log p. We must verify (Eq. S5):

F(Ap(x) + Blogpu) =F(A(x — A'Blogp) + Blog pu)
= F(Ax + B logu)

= px*(x) F(Ax + Blogu)

(because log pu = log p + log u and p-(x) is the identity matrix)
and also need to have (Eq. S6):

G(C(x—A'Blogp) + Dlog pu) = G(Cx + Dlogu),

which holds because of Eq. S16.

Recasting of log-linear systems. Log-linear systems can be recast in
the following way, after a change of variables. Let us introduce
variables z; = e%. Then, z = diag(z)F (4logz + Blogu), where diag
(z) is the diagonal matrix whose diagonal entries are zy, ..., z,.
The ith row of 4 log z + B log u is:

n m
Y ajlogz; + Y, bylog uj = log 2u”,
j=1 j=1

where the notation z% means z{" ..., z% (analogously for u). A
similar rewriting may be done for the output function. Let us
define M(z): = F(log z) and N(z): = G(log z). We have shown
that a log-linear system can also be written as

z = diag(z)M (z"u®)

y = N(uP)
where the variables x; are positive. The monomials appearing
in the above expression represent the entries z{"...
z‘,‘;'"u'l’“ ...ubm (analogously for outputs). Furthermore, if N is
invertible, one may redefine the output as N ~'(y), so that no N

is required.
For example, consider this 1D log-linear system:

Shoval et al. www.pnas.org/cgi/content/short/1002352107

x=F(—x+logu)
y=G(-x+logu)
(F and G are two scalar nonlinear maps). We let z = ¢". Then,
with M = F(log z) and N(z) = G(log z),
z=zM(u/z)
y=N(u/z).
Let us redefine the output to be w = N~'(y) (assuming that N is
invertible). We arrive to the following system:
z=zM(w)

w=u/z

Coordinate projection. Another interesting general subclass is that in
which the output y(f) is one coordinate (or, more generally,
a subset of coordinates). That is to say, the state space can be
written as a Cartesian product X= X; X X,, and using the ob-
vious block notation x = (x;, x;) (Eq. S17 4-C),

x2 :fz(xl7x27u) [S17A]
)‘Cl :fl(xl7x27u) [S17B]
y=x2. [S17C]

Most of the examples in the main part of this paper are of this
form. Suppose that for each ne, there is some differentiable map
p; : X;—X; with the following properties (Eq. S18 4 and B):
Jilpr (1), x2,mu) = (p1)*(x)fy (x1,x2,u) [S184]
fa(pr (1), x2, mu) = fa (1,2, 1) [S18B]

Lemma 5: FCD holds for the system (Eq. S17), provided that
(Eq. S18) holds.

Proof: we observe that the map p(xy, x2) = (p1(x1), x2) is an
equivariance. Indeed, its Jacobian has the block form diag
[(r1)=(x1), I]; therefore, Eq. S18 is equivalent to Eq. S5, and Eq.
S6 is true because A(x, u) = x, is independent of x; and u.

A special case of this setup is when the x; subsystem is linear and
independent of x, (feed-forward connection), U = R ((scalar
positive inputs), and P = R acts by scalings u ~ pu. We write
(Eq. S19)

filxr, u) =Ax; +bu [S19]

(because u is scalar, B = b is a column vector). Let us suppose
that the following property is satisfied (Eq. S20):

fa(px1,x2,pu) = fa(x1,x2,u) for all x1,x2,u,p. [S20]

Then, FCD holds, because we may use p;(x;) = px; for & = p, in
which case (p;)«(x;) = p and therefore,

Ji(py(x1), mu) = A(px1) + b(pu) = plAx1 + bul
= (py)*(x) fi(x1,u)

and

J2(py(x1), X2, mu) = fo(px1,x2,pu) = fo(x1,%2, 1)

Therefore, Eq. S18 holds.

For these special systems for which Eq. S19 holds, Eq. S20 is
not merely sufficient, but it is also necessary for FCD to hold
(still assuming U =P = R, and an action by scalings u ~ pu.)
We prove this next.
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More precisely, we will assume that the system (Eq. S1) is
controllable from steady states, meaning that for each state {
X, there is some steady state & = o(u) (for some constant input
u), some input v(¢), and some finite time 7" > 0 such that { = (7,
&, v). There are control theory tools for checking controllability
of linear and nonlinear systems (1). Without loss of generality,
one may assume that v is continuous at T and has an arbitrary
prespecified value v, there. Proof: for any desired value v,
consider a solution z(¢) of Eq. S1 backward in time, starting from
¢ and using the constant input v,. Let us pick some {’' = z(- ty),
to > 0. Now, find a v(¢) that sends & to ¢’ in time 7’. The con-
catenation of v and the constant v, is an input so that at time
T: =T + ty, the state { is reached and its value is v, at time 7.

Lemma 6: suppose that the system (Eq. S1) is controllable
from steady states and has the form (Eq. S17) with Eq. S19.
Then, the system satisfies FCD for the scaling action u ~ pu if
and only if Eq. S20 holds.

Proof: sufficiency was already proved, and therefore, we show
necessity. Pick some & = (&, &;) € X and p, vy € R.o. We need to
show that Eq. S20 holds (Eq. S21) (i.e., that

fz(pélagbpvo) :f2(§17§2,1/0)). [S21]
Pick a constant input u and some input v(¢) such that & = ¢(T,
o(u), v) and v(T) = vy. The assumption is that FCD holds, which
means, in particular, that x,(f) =X,(¢) for all # > 0, where x(¢) =
o(t, o(u), v) and x(t) = ¢(t,0(pu),pv). Because also the de-
rivatives of x, and X, must coincide (at the points of differen-
tiability of these functions), it follows, in particular, that

f2(§17§27v(]) :fZ(xl(T)>x2(T)7V(T)) :fz(/fl(T),/)Ez(T),pV(T))
= HE(T),%(T),pvo) = f2(X1(T), &, pvo)

(the last equality because X,(f) = x»(¢), again using FCD). To
conclude, observe that x; (f) = px;(¢) (by linearity of the equation
for x,) and therefore, evaluating at ¢ = T, x1(T) = p&,; thus, we
have proven that Eq. S21 is satisfied.

Relationship between the incoherent feed-forward loop and integral
feedback. Here, we show the relationship between the in-
coherent feed-forward loop and integral feedback.

A system is said to be affine in inputs if the vector field has
degree 1 on u. Using control-theory notations, one writes the
differential equations for the system as follows (assuming, for
notational simplicity, that the input u is scalar):

X =flx) +ugx)

where f and g are two vector fields. That is, the f(x, ) in the
general form x = f(x,u) is written as f(x) + ug(x).

A theorem is given in ref. 2 showing that, under appropriate
technical assumptions, if a system perfectly adapts to constant
signals, then there is a global transformation of coordinates that
brings the system into an integral-feedback form. (More gener-
ally, the theorem considers adaptation to other, not necessarily
constant, types of signals, and an analog of integral feedback,
called an internal model, is shown to exist.)

The construction in ref. 2 is a bit involved because of the need to
use Lie-theory concepts. Here, we limit ourselves to the following
example. We consider a system of 2D, in which the output is the
coordinate x, and for notational simplicity, write x = x; and y = x,:

X=u-x
y=u/x=y

evolving on positive variables. This system perfectly adapts, with
yo = 1. We have:

Shoval et al. www.pnas.org/cgi/content/short/1002352107

) = (25 )t = 1), ).

The relative degree of this system (2) is 7 = 1. One can verify the
assumptions of the main theorem in ref. 2 for this system.

The recipe for coordinate changes in ref. 2 (see also the Feedback
Linearization Theorem, Theorem 15 in ref. 3) is to use z; =y
and z; = ¢ (x, y) with the following conditions on the differen-
tiable map ¢:

1. The map (x, y) » (v, ®(x, y)) has a differentiable inverse
(technically, is a diffeomorphism).

2. The Lie-derivative L, vanishes everywhere, which means
Vo.g = 0 (Vg is the gradient of ¢).

The condition V@.g = 0 says, more explicitly, for this example:

1
q)x(xvy) +;¢y(x7y) =0

where @,, ¢, are partial derivatives. This linear first-order partial
differential equation on ¢ may be solved by the method of
characteristics, but a solution can be seen by inspection:

d(x,y) =y—logx .
Observe that (x,y) » (v, y — log x) = (z3, 25) is clearly invertible,
with inverse y = z; and x = ¢*! ~%. In the new coordinates z, z,,
we have:

Z1 =ue? M -z

22 =1 —2Z1.
Up to a change of coordinates z; = 1 —z; to bring the system into
the form in ref. 2 (which normalized the adaptation value to 0; it
is 1 in this example), we have that the variable z, implements the
integral feedback ensured by theorem 1 in ref. 2.

The form in (zy, z») coordinates is known in control theory as

the feedback linearization normal form (3) and is a special case
of a normal form for affine nonlinear systems.

Stability Result. We wish to show the global asymptotic stability

aug

(GAS) of the unique steady state (x,y) = (3, yo) of the nonlinear
integral feedback system (Eq. S22 4 and B):

X = yx(y —yo) [5224]

y=a-l=py [S22B]
where «, B, v, ug, and y, are positive constants and the integrator
variable x(f) is positive. We prove this as a consequence of
a more general result.

Lemma 7: consider a 2D system of the following general form
(Eq. S23 4 and B):

1=gy)

y=—f&)—k@) [S23B]

where f and g are functions with positive derivatives, (y —yo)k(y)
> 0 whenever y # y,. Let (xo, yo) be so that f(xg) = g(vo) = k(yo) =
0, which means that (xq, yo) is the unique steady state of the
system. Then, (xo, yo) is a globally asymptotically stable state.

We provide a proof below but first remark how the stability of
Eq. S22 is a consequence of this Lemma.

Corollary: consider a 2D system of the following general form
(Eq. S24 4 and B):

[S23A4]
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X =xg(y)

y=—f&)—k@) [S24B]
where f and g are functions with positive derivatives, (y —yo)k(y)
> 0 whenever y # yo, the variable x(¢) is positive, and (xo, yo) is so
that f(xo) = g(vo) = k(yo) = 0, which means that (xo, yo) is the
unique steady state of the system. Then, (xo, yo) is a globally
asymptotically stable state.
This corollary is proved as follows. We let z = In x and ex-
press the system in the variables (z, y). We have that (Eq. S25 4
and B):

[S24A4]

z=3g(y)
y=—f(z) —k()

[S254]

[S25B]

where f(z) :=f(e*) again has a positive derivative. Now the
unique steady state is (z, yo), where zo: = In x,. By the Lemma,
this state is globally asymptotically stable, which implies that the
system in original coordinates (Eq. S24) is also stable.

The system (Eq. S22) is the particular case of Eq. S24 with
£&) = Bro—", 60) = Y0 = yo). and k(y) = B(y - yo).

We now prove Lemma 7. The proof is based on the LaSalle
Invariance Principle (3). We must produce a function V(x, y) of
two variables with the following properties:

1. V(XQ, yo) = 0.
2. V(x,y) > 0 for all (x, y) # (xo, Yo)-

1. Keener J, Sneyd J (2009) Mathematical Physiology (Springer, New York), 2nd Ed.
2. Sontag ED (2003) Adaptation and regulation with signal detection implies internal
model. Syst Control Lett 50:119-126.
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3. Vx, y)—>oo as ||(x, y) || >0 (properness or radial unbound-
edness).

4. V(z,y) = 5(z,y

@) V( ,Y) <O fo

that V(z(t), y(t))

V(x,y):= /Xf(r)dr + /yg(r)dr.
X0 Yo

Observe that properties 1 and 2 (positive definiteness) are
satisfied by definition. Regarding property 3, we note that
‘;22—1; =f(x)>0, ‘ZZZ—S = g'(y) >0 and mixed second derivatives are
0, and therefore, the Hessian matrix of V is positive definite
everywhere. This implies that V'is strictly convex, and principle
3 follows. Finally, we prove principle 4. Observe that

Vixy) =fx)gw) +80)[-fx) —ky)] = —gW)k(y)
from which it follows that i holds, and moreover, V(x,y) =0
implies that y = yo. Suppose that a solution satisfies that
V(x(t),y(t)) =0. Then, y(f) = y,, and therefore, y(¢)=0. Sub-
stituted into the second equation of Eq. S23, we have that
0 = — f(x(¢)) — 0, which implies that x(¢) = x¢; therefore, ii is
true.

Wg(y) + 9 (x,y)[ = f(x) = k(y)] is so that
or all (x, y) and (ii) if a solution satisfies

0, then (x(¢), y(t)) = (xo, ¥o)-

We define:**

**This construction is based on the following idea: when k(y) is omitted, the vector field is
Hamiltonian, with Hamiltonian function V; this provides an energy-conservation con-
straint, but k(y) then adds damping to the system.

3. Sontag ED (1998) Mathematical Control Theory. Deterministic Finite-Dimensional
Systems (Springer, New York), 2nd Ed.

6 of 6


http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1002352107/-/DCSupplemental/pnas.201002352SI.pdf?targetid=nameddest=STXT
www.pnas.org/cgi/content/short/1002352107

