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network for chemotaxis that could provide sufficiently robust performance. 
Moreover, its working memory suffices to steer the motor toward food and 
mates. Although a memory lasting only 1 s may not seem impressive, real-
ize that to store a long history of lactose concentrations would be pointless —
 because they are themselves evanescent. Given its lifestyle, the bacterium ’ s 
memory is just about as long as it  should  be. 

 This microbe easily lives like a Zen master — in the moment. Feed the 
cell, and in an hour it is gone, divided among its progeny. But once an 
organism becomes large enough for a brain, the Zen injunction —  “ Live in 
the moment ”  — itself becomes a Zen koan. A brain provides the organism 
with a more significant individual past and a more extended future with 
which to exploit it. But so equipped, staying in the moment becomes as 
unimaginable as the sound of one hand clapping. 

50 μm

 Figure 2.3 
   E. coli  ’ s biased random walk . By moving forward more and turning less, as the con-
centration of attractant increases,  E. coli  approaches the attractant ’ s source. Tracing 
shows 26 runs over about 30 s with a mean speed of 21.2  μ m/s. Reprinted with 
permission from Berg and Brown (1972). For videos of  E. coli  swimming see  http://
www.rowland.harvard.edu/labs/bacteria/index_movies.html/.  

E coli’s biased random walk 

If life is getting better, enjoy more; 
If life is getting worse, don’t worry about it.

Why an Animal Needs a Brain 13

 In effect, the lactose receptor  predicts  for the organism what it will need 
to exploit this new resource. By encoding the permease and the digestive 
enzyme together, one sensory signal can evoke all necessary components in 
the correct ratios. Thus, a given level of lactose in the soup calls for the 
proper amount of permease which is matched by the proper amount of 
galactosidase. This design principle — matching capacities within a coupled 
system — is a key to the organization of multicellular animals where it is 
called  “ symmorphosis ”  (Weibel, 2000). We see here that symmorphosis 
begins in the single cell. 
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 Figure 2.1 
  Three organisms of increasing size: bacterium, protozoan, and a nematode worm . 
Note the different scales: micrometers to millimeters. Body lengths are drawn to the 
same scale at the bottom of the diagram.  Paramecium   caudatum  and  C. elegans  photos 
are light micrographs of live specimens. Diagram of worm indicates the positions 
of neurons that form the brain. Light micrographs from Wiki commons.  C. elegans  
from Wikimedia Commons, CC BY-SA 3.0 / Bob Goldstein, UNC Chapel Hill,  http://
bio.unc.edu/people/faculty/goldstein/ .  Paramecium  by Alfred Kahl, public domain, 
from Wikimedia Commons. 



Why do we need a brain?

My brain is my second favorite organ. 

Woody Allen
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world; others store metabolites and energy-rich compounds for release 
upon demand. Still others regulate ionic balance and cleanse the internal 
milieu, or distribute oxygen and metabolites to hungry tissues. Specialized 
organs of immunity protect against infectious agents and parasites. Organs 
couple to form systems, and systems cross-couple to optimize overall 
function. 

 The standard idea is that the internal systems more or less take care of 
themselves. Each parameter is supposed to have a set point, like a thermo-
stat, from which deviations trigger feedback to correct the mismatch 
( homeostasis ). Internal regulation also employs  autonomic nerves  — so termed 
because they are in some sense independent of voluntary control — thus, 
autonomous. We cannot  “ will ”  our heart to beat faster or our blood pres-
sure to decrease. However, we can accomplish these shifts by recalling or 
imagining the appropriate scene. This implies the existence of neural 
pathways from pattern stores to pattern generators for autonomic circuits. 
Thus, although the autonomic nerves are generally supposed to serve 
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 Figure 3.2 
  Large brains accomplish the same broad tasks . Note that inner and outer tasks cou-
ple to serve  each other  ( ↔ ). 
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All channels and many transporters only allow solutes to move in one direc-
tion across the membrane. For solutes that are not charged, they move from the 
side with higher concentration to the side with lower concentration, or down their 
chemical gradient. If solutes are electrically charged, such as ions, their move-
ment across the membrane creates an electrical gradient, that is, a di!erence 
in the electrical potential across the membrane. "e electrochemical gradient, 
which combines the chemical and the electrical gradients, determines the 
direction and magnitude of solute movement (Figure 2–9). When the electrical 
gradient and the chemical gradient are in the same direction, they enhance 
each other in facilitating the movement of the solute (Figure 2–9, middle). When 
these gradients are in opposing directions, they partially (Figure 2–9, right) or 
sometimes fully cancel out each other’s e!ect. Transport of solutes down their 
electrochemical gradients does not require external energy, and is referred to as 
passive transport (see Figure 2–8A).

Some transporters can move a solute across the membrane against its electro-
chemical gradient (from low to high) using external energy; this process is called 
active transport (Figure 2–8B). "e energy for active transport can come from 
one of the following sources. (1) Chemical reaction: the most frequent form is 
ATP hydrolysis, in which the transporter is an ATPase and chemical energy from 
ATP hydrolysis is used to drive conformational change of the protein. (2) Light: in 
this case energy is derived from photon absorption. Transporters driven by ATP 
hydrolysis or by light are also called pumps. We will discuss light-driven pumps 
in the context of the evolution of vision in Chapter 12. (3) Coupled transport: 
in this case the transporter moves two (or more) species of solutes together, 
and energy gained from transporting one species down the gradient is used to 
transport another species up the gradient. Coupled transporters (also called 
cotransporters) can be divided into two types: those that move solutes in the 
same direction are called symporters, and those that move solutes in opposite 
directions are called antiporters or exchangers (Figure 2–10; Movie 2–4). 
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Figure 2–9  Electrochemical gradient 
of charged solutes such as ions. 
When there is no electrical potential 
difference across the membrane, the 
chemical gradient alone determines 
direction of ion movement, from high to 
low concentration (left). When there is 
an electrical potential difference across 
the membrane, the chemical gradient 
and the electrical gradient act together 
to determine the direction and the 
magnitude of the force governing ion 
movement. These two components of the 
electrochemical gradient may work in the 
same direction (middle) or in opposing 
directions (right). The size of the arrows 
symbolizes the magnitude of the force 
that drives ion movement. (Adapted from 
Alberts B, Johnson A, Lewis J et al. [2015] 
Molecular  Biology of the Cell, 6th ed. 
Garland Science.)
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Figure 2–10  Three types of active 
transport. An active transporter can be 
an ATP-driven pump, which utilizes energy 
from ATP hydrolysis to move solutes 
against their electrochemical gradient 
(left). It can be a light-driven pump, which 
derives its energy from photon absorption 
(middle). It can also be a coupled 
transporter, which derives its energy 
from transporting a second species of 
solute down its electrochemical gradient. 
Coupled transporters can be symporters 
or antiporters (exchangers) depending 
on whether the two solutes move in the 
same direction or in opposite directions. 
The cartoon at far right summarizes the 
electrochemical gradients of different 
solutes, with the larger number of a given 
symbol indicating the high end of an 
electrochemical gradient. The downward 
gray arrow shows the electrochemical 
gradient of the solute represented by 
yellow circles. (Adapted from Alberts 
B, Johnson A, Lewis J et al. [2015] 
Molecular Biology of the Cell, 6th ed. 
Garland Science.)
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cotransporters, such as the K+–Cl– cotransporter that couples K+ and Cl– export 
(Figure 2–12B).

In order to understand how chemical gradients and membrane potentials 
in!uence ion movement, let’s "rst consider a hypothetical situation in which 
the membrane is only permeable to K+. (#is situation applies to glia quite well.) 
#e concentration di$erence across the membrane causes K+ to di$use outward 
down the chemical gradient. As K+ !ows outward, however, the intracellular 
compartment becomes more negatively charged, thus increasing the electrical 
potential di$erence across the membrane. #is deters further outward K+ di$u-
sion, because K+ is a positively charged ion. Eventually, when the chemical and 
elec trical forces reach equilibrium (that is, no net K+ !ow because the chemical 
gradient is balanced by the electrical gradient), the equilibrium potential of K+, 
EK (the membrane potential when the electrical and chemical forces reach a bal-
ance), follows the Nernst equation:

           RT         [K+]oEK  =  —–       ln   —–—    
            zF         [K+]i

where [K+]o and [K+]i are extracellular and intracellular K+ concentrations, R and 
F are two physical constants, T is the absolute temperature (in kelvin), z is the 
valence of the ion (+1 for K+), and ln is the natural logarithm. At room tempera-
ture, the expression RT/F is about 25 mV. Using the K+ concentration di$erence 
of our model neuron (Figure 2–12A), we can calculate the EK to be about –85 mV, 
which is close to the resting potential.

#e Nernst equation can also be used to determine equilibrium potentials 
of Cl– and Na+. Using the concentration di$erence across our model neurons 
(Figure 2–12A), we can determine that ECl = –79 mV, and ENa = +58 mV. Note that 
despite having a chemical gradient opposite to that of K+, Cl– has a similar equil-
ibrium potential to K+ because it has a negative charge (z = –1). A positive equilib-
rium potential for Na+ means that if the membrane were only permeable to Na+, 
the intracellular membrane potential would be positive relative to the extracell-
ular environment. We will see the signi"cance of this when we study the ionic 
basis of the action potential later in the chapter.

In reality, the resting potential of most neurons is slightly less negative than 
the K+ equilibrium potential, because the membrane is also somewhat perme-
able to Na+ and Cl–. When the membrane is simultaneously permeable to mul-
tiple ions, the resting membrane potential Vm at equilibrium (that is, when there 
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Figure 2–12  Ionic basis of the resting potential. (A) Numbers 
indicate the concentrations of K+, Na+, and Cl– inside and outside 
of a typical mammalian neuron, in millimoles per liter (mM). At the 
resting state, the membrane is permeable to K+ (arrow indicating 
the direction down the electrochemical gradient) but less permeable 
to Na+ and Cl– (dashed arrows). The resting membrane potential is 
largely determined by the balance between the chemical gradient 
that drives K+ outward, and the electrical gradient that drives K+ 
inward. + and – signs on opposite sides of the membrane indicate 
that the intracellular electrical potential is more negative than that 

of the extracellular environment. (B) Left, the Na+–K+ ATPase uses 
energy from ATP hydrolysis to transport three Na+ ions outward and 
two K+ inward each cycle, against their electrochemical gradients. 
The activity of the Na+–K+ ATPase maintains the intracellular 
concentrations of Na+ and K+ and thus the resting potential by 
counteracting the leak of Na+ and K+ across the resting membrane. 
Right, the K+–Cl– cotransporter utilizes energy released as K+ moves 
down its electrochemical gradient to move Cl– up its electrochemical 
gradient, helping maintain a concentration gradient of Cl– across the 
membrane. 
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The Equivalent Electronic Circuit of a Neuron
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50 THE HODGKIN–HUXLEY MODEL OF THE ACTION POTENTIAL

I

Cm

Ic IL INa IK

EL ENa EK

gL gNa gK

Intracellular

ExtracellularFig. 3.2 The Hodgkin–Huxley
equivalent electrical circuit.

with the experimental recordings. In Section 3.4 we consider how Hodgkin
and Huxley corrected for temperature. Finally, in Section 3.5, we consider
the simplifications inherent in the HH model and how to use the Hodgkin–
Huxley formalism to build models of ion channels.

3.2 The development of the model

The starting point of the HH model is the equivalent electrical circuit of a
compartment shown in Figure 3.2. There are three types of ionic current in
the circuit: a sodium current, INa, a potassium current, IK, and a current
that Hodgkin and Huxley dubbed the leak current, IL, which is mostly
made up of chloride ions. The key difference between this circuit and the
one presented in Chapter 2 is that the sodium and potassium conductances
depend on voltage, as indicated by the arrow through their resistors. Since
their properties change with the voltage across them, they are active rather
than passive elements.

The equation that corresponds to the equivalent electrical circuit is:

I = Ic+ Ii =Cm
dV

dt
+ Ii, (3.1)

where the membrane current I and the capacitative current Ic are as de-
fined in Chapter 2. The total ionic current Ii is the sum of sodium, potas-
sium and leak currents:

Ii = INa+ IK+ IL. (3.2)

The magnitude of each type of ionic current is calculated from the product
of the ion’s driving force and the membrane conductance for that ion:

INa = gNa(V − ENa), (3.3)

IK = gK(V − EK), (3.4)

IL = g L(V − EL), (3.5)

where the sodium, potassium and leak conductances are gNa, gK and g L re-

As defined in Section 2.4.1, the
driving force of an ion is the
difference between the
membrane potential and the
equilibrium potential of that
ion. Hence, the sodium driving
force is V − ENa.

spectively, and ENa, EK and EL are the corresponding equilibrium potentials.
The bar on the leakage conductance g L indicates that it is a constant, in con-
trast with the sodium and potassium conductances which depend on the
recent history of the membrane potential.

Cm
dV
dt

= − ∑
i

gi(V )(V − Ei) − ḡL(V − EL) − Ie

Cm ≈ 0.1 − 1 nF

rm = 1/g ≈ 10 − 100 MΩ
τm = Cmrm ≈ 10 − 100 ms
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HOW DO ELECTRICAL SIGNALS PROPAGATE 
FROM THE NEURONAL CELL BODY 
TO ITS AXON TERMINALS?
In this part of the chapter, we follow the discovery path that has led to our cur-
rent understanding of mechanisms by which action potentials are produced and 
propagate. In addition to answering a key question in neuronal communication, 
that is, how electrical signals propagate from the neuronal cell body to its axon 
terminals, these studies also established the concept of ion channels and high-
lighted the mechanisms by which ion channels function.

2.10  Action potentials are initiated by depolarization-induced 
inward flow of Na+

!e discovery of the ionic basis of the action potential is a good example of 
how scienti"c breakthroughs can result from the introduction of new methods, 
model organisms, and analytic tools. Squid of the genus Loligo have a giant 
axon whose diameter reaches up to 1 mm, many times larger than nearby axons 
(Figure   2–19A) or the axons of typical mammalian neurons. !e giant axon 
conducts action potentials very rapidly and controls the squid’s jet propulsion 
system, allowing it to quickly avoid danger. !e giant axon’s large size enabled 
researchers to insert electrodes and measure action potentials more accurately 
than before (Figure 2–19B). During such measurements, it was discovered that the 
membrane potential during the rising phase of the action potential far exceeded 
zero (Figure 2–19C). !erefore, the action potential is not caused by a transient 
breakdown of the membrane that allows the resting potential to become zero, a 
prevalent view held prior to these measurements.

At the peak of the action potential, the membrane potential was observed to 
approach the Na+ equilibrium potential. (Recall that ENa = +58 mV in our model 
neuron in Figure 2–12.) !is "nding suggested that the membrane is preferentially 
permeable to Na+ at the peak of the action potential and that the inward Na+ #ow is 
responsible for the rising phase of the action potential. To test this hypothesis, the 
extracellular Na+ concentration was systematically reduced. If Na+ were respon-
sible for the rising phase of the action potential, one would predict from the Nernst 
equation that the magnitude of the action potential would decrease with lower 
concentrations of extracellular Na+. !is was indeed the case (Figure 2–20).
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Figure 2–19  Studying action potentials in the squid giant axon. (A) Electron micrograph of a cross section of a squid giant axon showing 
its large diameter (~180 �m for this sample) as compared to neighboring axons (for example, the axon indicated by *). (B) Photograph of an 
electrode inserted inside a squid giant axon whose diameter is close to 1 mm. (C) An action potential recorded from the squid giant axon. 
(A, courtesy of Kay Cooper and Roger Hanlon; B, from Hodgkin AL & Keyes RD [1956] J Physiol 131:592–616; C, from Hodgkin AL & Huxley AF 
[1939] Nature 144:710–711. With permission from Macmillan Publishers Ltd.)
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Figure 2–20  Testing the hypothesis that 
the rising phase of the action potential 
is caused by Na+ influx. The magnitude 
and speed of the action potential are 
diminished when the normal extracellular 
solution (sea water, red trace) was replaced 
by a solution of 33% sea water and 67% 
isotonic dextrose (hence the extracellular 
Na+ concentration, or [Na+]o, was reduced 
by 67%; blue trace). Reapplication of sea 
water (green trace) restored the magnitude 
and speed of the action potential. (Adapted 
from Hodgkin AL & Katz B [1949] J Physiol 
108:37–77.) 
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conductance of these ion channels increases when the axon is depolarized. !ese 
channels are now called voltage-gated ion channels because their conductance 
changes as a function of the membrane potential.

In summary, the action potential can be accounted for by sequential changes 
of Na+ and K+ conductance (Figure 2–24; Movie 2–7), which we now know are 
caused by the opening and closing of voltage-gated Na+ and K+ channels. At the 
resting state, the voltage-gated Na+ and K+ channels are both closed. (A di"erent 
set of K+ channels accounts for K+ permeability at rest.) At the rising phase of the 
action potential, when the membrane is depolarized, opening of voltage-gated 
Na+ channels allows Na+ to #ow into the cell down its electrochemical gradients. 
Depolarization also causes an increase in K+ e$ux (via the resting K+ channel) 
because the force produced by the new, smaller electrical gradient is less e"ective 
in countering the force produced by the chemical gradient. When the Na+ in#ux 
exceeds the K+ e$ux, the neuron passes the threshold for %ring an action poten-
tial. (For most excitable cells the threshold is about 10–20 mV above the resting 
potential.) More depolarization causes opening of more voltage-gated Na+ chan-
nels, which causes further depolarization. !is positive feedback loop generates 
the rapid rising phase of the action potential.

During the falling phase, Na+ channels are inactivated after the initial open-
ing, preventing further Na+ in#ux. At the same time, voltage-gated K+ channels 
open, allowing more K+ e$ux. !ese two events together account for the falling 
phase of the action potential, allowing neurons to repolarize to the resting poten-
tial and prepare for the next action potential (Figure 2–24). Importantly, the ionic 
basis of the action potential, originally discovered in the squid giant axon, applies 
to neurons and other excitable cells across most of the animal kingdom, including 
humans.

2.12  Action potentials are all-or-none, are regenerative, and 
propagate unidirectionally in the axon

!e Hodgkin–Huxley model satisfactorily explains several properties of the action 
potential that ensure faithful transmission of information from the cell body to the 
axon terminal.

First, action potentials are all-or-none. When a stimulus-induced neuronal 
membrane depolarization is below the threshold, the action potential does not 
occur. When depolarization exceeds the threshold, the waveform of the action 
potential is determined by the relative concentrations of Na+ and K+ inside and 
outside the cell, and these concentrations remain mostly constant for a given 
neuron. (!e Na+ in#ux and K+ e$ux during an action potential causes very 
small change of intracellular, and even smaller changes of extracellular, Na+ 
and K+ concentrations. For example, an action potential in the squid giant axon 
brings in ~10–13 mole of Na+ per millimeter of the axon; the same length of the 
axon contains ~10–7 mole of Na+. !us, intracellular Na+ concentration change 
as a result of Na+ in#ux is about one part in a million, which makes a negligible 
contribution to ENa.) To a %rst approximation, action potentials assume the same 
form in response to any supra-threshold stimulus.

Second, action potentials are regenerative—they propagate without attenu-
ation in amplitude. Suppose that an action potential occurs at a particular site on 
the axon. !e rising phase creates a substantial membrane depolarization, which 
spreads down the axon and brings an adjacent region to threshold, which in turn 
does so for its adjacent downstream region, and so on (Figure 2–25). In this way, 
the action potential propagates in a similar form continuously and faithfully down 
the axon toward its terminal.

!ird, action potentials propagate unidirectionally in the axon, from the cell 
body to the axon terminals. When an action potential occurs at a given site on 
the axon (for example, site A in Figure 2–25), in principle depolarization should 
also spread up the axon toward the cell body (site Z in Figure 2–25) in addition 
to spreading down the axon toward the axon terminals (site B in Figure 2–25). 
However, the delayed activation of the K+ channels and the inactivation of the 
Na+ channels combine to create a refractory period after an action potential has 
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Figure 2–24  A summary of the 
ionic basis of the action potential. 
(A) Schematic of an action potential, with 
reference to the resting potential and the 
equilibrium potentials for Na+ and K+. (The 
K+ equilibrium potential and the resting 
potential of the squid giant axon are more 
depolarized than for our model neuron 
in Figure 2–12.) (B) Sequential changes 
in Na+ and K+ conductance (calculated 
according to data in Figure 2–23) 
during the action potential. The rising 
phase is caused by the increase in Na+ 
conductance, leading to Na+ in"ux. The 
falling phase is accounted for by both 
the inactivation of the Na+ conductance, 
which stops the Na+ in"ux, and the 
increase in the K+ conductance, leading 
to K+ ef"ux. The transition between the 
rising and falling phase occurs before the 
rising phase reaches the Na+ equilibrium 
potential. The falling phase overshoots 
the resting potential and approaches 
the K+ equilibrium potential, before the 
membrane potential gradually returns 
to the resting potential, which is slightly 
above the K+ equilibrium potential (see 
Section 2.5). (Adapted from Hodgkin AL & 
Huxley AF [1952] J Physiol 116:449–472.)
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HOW DO ELECTRICAL SIGNALS PROPAGATE 
FROM THE NEURONAL CELL BODY 
TO ITS AXON TERMINALS?
In this part of the chapter, we follow the discovery path that has led to our cur-
rent understanding of mechanisms by which action potentials are produced and 
propagate. In addition to answering a key question in neuronal communication, 
that is, how electrical signals propagate from the neuronal cell body to its axon 
terminals, these studies also established the concept of ion channels and high-
lighted the mechanisms by which ion channels function.

2.10  Action potentials are initiated by depolarization-induced 
inward flow of Na+

The discovery of the ionic basis of the action potential is a good example of 
how scientific breakthroughs can result from the introduction of new methods, 
model organisms, and analytic tools. Squid of the genus Loligo have a giant 
axon whose diameter reaches up to 1 mm, many times larger than nearby axons 
(Figure   2–19A) or the axons of typical mammalian neurons. The giant axon 
conducts action potentials very rapidly and controls the squid’s jet propulsion 
system, allowing it to quickly avoid danger. The giant axon’s large size enabled 
researchers to insert electrodes and measure action potentials more accurately 
than before (Figure 2–19B). During such measurements, it was discovered that the 
membrane potential during the rising phase of the action potential far exceeded 
zero (Figure 2–19C). Therefore, the action potential is not caused by a transient 
breakdown of the membrane that allows the resting potential to become zero, a 
prevalent view held prior to these measurements.

At the peak of the action potential, the membrane potential was observed to 
approach the Na+ equilibrium potential. (Recall that ENa = +58 mV in our model 
neuron in Figure 2–12.) This finding suggested that the membrane is preferentially 
permeable to Na+ at the peak of the action potential and that the inward Na+ flow is 
responsible for the rising phase of the action potential. To test this hypothesis, the 
extracellular Na+ concentration was systematically reduced. If Na+ were respon-
sible for the rising phase of the action potential, one would predict from the Nernst 
equation that the magnitude of the action potential would decrease with lower 
concentrations of extracellular Na+. This was indeed the case (Figure 2–20).
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Figure 2–19  Studying action potentials in the squid giant axon. (A) Electron micrograph of a cross section of a squid giant axon showing 
its large diameter (~180 �m for this sample) as compared to neighboring axons (for example, the axon indicated by *). (B) Photograph of an 
electrode inserted inside a squid giant axon whose diameter is close to 1 mm. (C) An action potential recorded from the squid giant axon. 
(A, courtesy of Kay Cooper and Roger Hanlon; B, from Hodgkin AL & Keyes RD [1956] J Physiol 131:592–616; C, from Hodgkin AL & Huxley AF 
[1939] Nature 144:710–711. With permission from Macmillan Publishers Ltd.)

+40

+20

–20

–40

–60

–80

0

PON 2.06/2.20

1 2
time (ms)

m
em

br
an

e 
po

te
nt

ia
l (

m
V) sea water

sea water again

[Na+]0 reduced
by 67%

Figure 2–20  Testing the hypothesis that 
the rising phase of the action potential 
is caused by Na+ influx. The magnitude 
and speed of the action potential are 
diminished when the normal extracellular 
solution (sea water, red trace) was replaced 
by a solution of 33% sea water and 67% 
isotonic dextrose (hence the extracellular 
Na+ concentration, or [Na+]o, was reduced 
by 67%; blue trace). Reapplication of sea 
water (green trace) restored the magnitude 
and speed of the action potential. (Adapted 
from Hodgkin AL & Katz B [1949] J Physiol 
108:37–77.) 
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target, which can be another neuron or a muscle cell (Figure 1–14A). !e synaptic 
partners are not symmetrical: the presynaptic terminal of the neuron contains 
small synaptic vesicles "lled with neurotransmitters, which, upon stimulation, 
fuse with the plasma membrane and release neurotransmitters into the synaptic 
cleft. !e postsynaptic target cell develops a postsynaptic specialization (also 
called a postsynaptic density) that is enriched for the receptors on their plasma 
membrane surface to receive the neurotransmitters. Chemical synapses are the 
predominant type of synapses that allows neurons to communicate with each 
other and with muscle cells. We will study them in greater detail in Chapter 3.

Neurons can also communicate with each other by an alternative means: 
the electrical synapse mediated by the gap junctions between neurons 
(Figure 1–14B). Here, each partner neuron contributes protein subunits to form 
gap junction channels that directly link the cytoplasm of two adjacent neurons, 
allowing ions and small molecules to travel from one neuron to the next. !ese 
gap junctions probably come closest to what the reticular theory would imagine 
as a fusion between di$erent neurons. However, macromolecules cannot pass 
between gap junctions, and the neurons remain two distinct cells with highly 
regulated communication. !e existence of gap junctions therefore does not 
violate the premise that individual neurons are the building blocks of the 
nervous system.

1.7  In vertebrate neurons, information generally flows 
from dendrites to cell bodies to axons

As we introduced in Section 1.4, neurons have two kinds of processes: dendrites 
and axons. !e shapes of dendritic trees and patterns of axonal projections are 
characteristic for particular types of neurons, and are often used to classify them. 
For example, the most frequently encountered type of neuron in the mammalian 
cerebral cortex and hippocampus, the pyramidal neuron, has a pyramid-shaped 

PON 1.13

Figure 1–13  The first time-lapse 
depiction of a growing axon. Frog 
embryonic spinal cord tissue was cultured 
in vitro. Growth of an individual axon was 
sketched with an aid of a camera lucida 
at the time indicated on the left (hour.
minute). The stationary blood vessel 
(oval) provided a landmark for the growing 
tips of the axon, called growth cones, 
which undergo dynamic changes in shape 
including both extensions and retractions. 
A distance scale (in millimeter) is at 
the bottom of the !gure. (Adapted 
from Harrison RG [1910] J Exp Zool 
9:787–846.)
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Figure 1–14  Chemical and electrical synapses. Asterisks indicate mitochondria in both 
micrographs. (A) Electron micrograph of a chemical synapse between the presynaptic terminal 
of a motor neuron and the postsynaptic specialization of its target muscle cell. A synaptic cleft 
separates the two cells. The arrow points at a synaptic vesicle. (B) Electron micrograph of an 
electrical synapse (gap junction) between two dendrites of mouse cerebral cortical neurons. 
Two opposing pairs of arrows mark the border of the electrical synapse. (A, courtesy of Jack 
McMahan; B, courtesy of Josef Spacek and Kristen M. Harris, Synapse Web.)
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In a typical setup for studying synaptic transmission across the neuromuscular 
junction, an in vitro preparation that contains the muscle and its attached 
motor nerve was bathed in a solution that mimics physiological conditions. !e 
motor nerve was then stimulated with a stimulating electrode to produce action 
potentials, and the membrane potential of the muscle "ber was recorded with 
an intracellular electrode (Figure 3–1B). Motor nerve stimulation was found to 
induce a transient depolarization in the muscle "ber within a few milliseconds 
(Figure  3–1C, top panel). !is transient depolarization is the synaptic potential 
produced in the postsynaptic muscle cell, and is called an end-plate potential, 
or EPP, as the postsynaptic specialization area of the muscle "ber is also called 
a motor end plate. We will study the postsynaptic mechanism that produces the 
EPP in greater detail in the second part of this chapter. For now, we use the EPP 
as a measure for presynaptic mechanisms that cause neurotransmitter release. 

How does motor nerve stimulation produce an EPP? Researchers found 
that motor nerve stimulation can be mimicked by application of ACh through a 
micropipette at the contact site between the motor axon terminals and the muscle 
(Figure 3–1C, bottom panel). (!is method is termed iontophoresis; here, pos-
itively charged ACh is driven out of a micropipette by applying a positive current.) 
Adding the pu$er "sh tetrodotoxin (TTX; see Figure 2–29) to the bath, which 
blocks voltage-gated Na+ channels and thus prevents action potential propagation 
in motor axons, blocked the muscle EPP in response to motor nerve stimulation. 
However, ACh application could elicit an EPP even when action potentials were 
blocked by TTX, or when the motor axon was removed altogether. !ese results 
indicated that the "nal e$ect of action potentials in the motor axon is to trigger 
ACh release at the axon terminals, and binding of ACh to the muscle membrane 
triggers depolarization of the muscle "ber in the form of an EPP. 

As introduced in Chapter 1, we now know that ACh release is caused by fusion 
of synaptic vesicles with presynaptic plasma membrane, releasing packets of ACh 
molecules into the synaptic cleft. !e concept that neurotransmitters are released 
in discrete packets, however, was "rst deduced prior to the discovery of synaptic 
vesicles.

3.2  Neurotransmitters are released in discrete packets 
Bernard Katz and colleagues applied intracellular recording techniques, then 
newly invented, to the muscle cells to study the mechanisms of neuromuscular 
synaptic transmission in the early 1950s. While studying the muscle EPPs evoked 
by nerve stimulation in the frog neuromuscular junction, they observed that 
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Figure 3–1  Studying synaptic 
transmission at the vertebrate 
neuromuscular junction. (A) Structure 
of acetylcholine (ACh), the !rst identi!ed 
neurotransmitter. (B) Measuring 
depolarization of a muscle !ber in 
response to motor axon stimulation or 
ACh iontophoresis in a neuromuscular 
junction in vitro. The intracellular electrode 
is inserted in the muscle !ber close to 
the neuromuscular junction to record the 
end-plate potential (EPP) in response 
to motor axon stimulation or focal ACh 
application at the surface of the muscle 
close to the neuromuscular junction. The 
square wave on the motor axon represents 
an application of current that depolarizes 
the motor axon, causing it to !re action 
potentials. The square wave attached to 
the ACh pipette represents application 
of positive current that drives positively 
charged ACh out of the micropipette. 
(C) End-plate potentials (EPPs) in 
muscle !ber in response to motor axon 
stimulation (top) or focal ACh application 
(bottom) are similar in waveform. The !rst 
downward dip in the top trace indicates 
the time of axon stimulation. (C, adapted 
from Krnjevic K & Miledi R [1958] Nature 
182:805–806. With permission from 
Macmillan Publishers Ltd.)
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occur within milliseconds involving direct change of ion conductance. We then 
study responses that occur in tens of milliseconds to seconds, involving intra-
cellular signaling pathways. We further highlight responses that occur in hours 
to days involving new gene expression. Finally, we discuss how postsynaptic neu-
rons integrate di!erent presynaptic input to determine their own "ring pattern 
and neurotransmitter release properties, thus completing a full round of neuronal 
communication.

3.12  Acetylcholine opens a nonselective cation channel at the 
neuromuscular junction

We now begin our journey across the synaptic cleft to the postsynaptic side of the 
synapse, returning "rst to the vertebrate neuromuscular junction as our model. In 
Section 3.1, we learned that ACh released from motor axon terminals depolarizes 
the muscle membrane, and that iontophoretic application of ACh to muscle can 
substitute for ACh release from presynaptic terminals (see Figure 3–1). How does 
ACh accomplish this? By locally applying ACh to di!erent regions of muscle "bers, 
researchers found that exogenous ACh produced the most e!ective depolarization 
near the motor axon terminal. #ese experiments implied that there must be recep-
tors for ACh that are present on the muscle membrane and are concentrated at the 
neuromuscular junction. Upon ACh binding, ACh receptors trigger a rapid change 
in the muscle membrane’s ion conductance.

To explore the underlying mechanisms, voltage clamp experiments anal-
ogous to those carried out on squid giant axons (see Section 2.10) were performed 
on the muscle "bers to test how ACh release induced by motor axon stimulation 
changes ion $ow across the muscle membrane (Figure 3–17A). In these experi-
ments, two electrodes were inserted into the muscle cell, one to measure the 
membrane potential (Vm) and compare it to a desired command voltage (VCMD), 
and a second to pass feedback current into the muscle to maintain Vm at the same 
value as VCMD. #e current injected into the muscle, which can be experimen-
tally measured, equals the current that passes through the muscle membrane 
in response to ACh release, or the end-plate current. (Under physiological con-
ditions, that is, when the muscle is not voltage-clamped, the end-plate current 
would produce a membrane potential change, which is the end-plate potential 
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Figure 3–17  Properties of an acetylcholine (ACh)-induced 
current studied by voltage clamp. (A) Experimental setup. Two 
intracellular electrodes were inserted into the muscle cell at the frog 
neuromuscular junction. The !rst (left) was to record the membrane 
potential (Vm), which was compared with an experimenter-determined 
commanding potential (VCMD). The second electrode injected feedback 
current into the muscle to maintain Vm at VCMD. The end-plate current 
in response to ACh release caused by motor axon stimulation can 
be determined from the feedback current that was injected into the 
muscle cell in order to hold Vm at VCMD. (B) The end-plate current 
elicited by single motor axon stimulation was measured at the six 
different membrane potentials indicated. At negative potentials 

the end-plate current was inward (positive ions "owing into the 
muscle cell), whereas at positive potentials the end-plate current 
was outward. (C) Peak end-plate current (Ip, y axis) as a function 
of the muscle membrane potential (V, x axis). Experimental data 
(represented as dots) fell on a curve (the I–V curve) that was close 
to linear (dotted line), indicating that the conductance (represented 
by the slope of the I–V curve) is mostly unaffected by voltage. Note 
that the current switched sign between negative (inward) and positive 
(outward) at 0 mV, which is the reversal potential of the channel 
opened by ACh. (B & C, adapted from Magleby KL & Stevens CF 
[1972] J Physiol 223:173–197.)
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Modelling synaptic transmission 

Release probability (u)

I = ḡsu(V − Es) ≈ Au

u = u0e−(t−tspike)/τs,  for t > tspike

dI
dt

= −
I
τs

+ Au0δ(t − tspike)
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membrane potential change due to current !ow across the motor neuron mem-
brane. "ese current and membrane potential changes are called the inhibitory 
postsynaptic current (IPSC) and inhibitory postsynaptic potential (IPSP), 
respectively. In a revealing experiment (Figure 3–28), the membrane potential of 
the motor neuron was set by the experimenter at di#erent initial values by inject-
ing currents through an electrode, while the membrane potential was measured 
by a second electrode in response to stimulation of its inhibitory input axons. It 
was found that when the initial membrane potential was equal to or more depolar-
ized than the resting potential of –70 mV or so, stimulation of the inhibitory input 
caused hyperpolarization, whereas when the initial membrane potential was set 
more hyperpolarized than –80 mV, stimulation of the inhibitory input produced 
depolarization. "e reversal potential, around –80 mV, is close to the equilibrium 
potential for Cl– (ECl), suggesting that the IPSC is carried by Cl– !ow. Indeed, by 
increasing intracellular Cl– concentration, the reversal potential became less 
negative following the change of ECl as predicted from the Nernst equation. "is 
experiment suggested that inhibition of the spinal motor neuron is mediated by 
an increase of Cl– conductance across the motor neuron membrane. 

Subsequent studies have shown that the fast inhibitory action is mediated by 
the neurotransmitters glycine (used by a subset of inhibitory neurons in the spinal 
cord and brainstem) and GABA (used by most inhibitory neurons), which act on 
ionotropic glycine receptors or GABAA receptors, respectively. "e structure 
of GABAA receptors is similar to that of the nicotinic AChRs (see Figure 3–20), 
consisting of a pentamer with two � subunits, two � subunits, and one � subunit. 
Each subunit has multiple isoforms encoded by several genes (see Table 3–3), 
and other subunits such as � and � can be used in lieu of �. Many pharmaceutical 
drugs act on GABAA receptors to modulate inhibition in the brain. As we will 
learn in Chapter 11, the most widely used anti-epilepsy, anti-anxiety, and sleep-
promoting drugs bind to and enhance the functions of GABAA receptors. Glycine 
receptors are also composed of a pentamer with two � subunits. Both GABAA 
and glycine receptors are ligand-gated ion channels that are selective for anions, 
primarily Cl–.

How does an increase of Cl– conductance that results from the opening of 
GABAA (or glycine) receptor channels on postsynaptic neurons cause inhibition? 
In most neurons, ECl is slightly more hyperpolarized than the resting potential as 
in the case of the spinal motor neuron we just studied. "us, an increase of Cl– 
conductance causes Cl– in!ux (which is equivalent to an outward current because 
Cl– carries a negative charge), resulting in a small hyperpolarization (Figure 3–29A, 
left panel). Importantly, if the neuron also receives simultaneously an excitatory 
input (for example, opening of glutamate receptor channels), which produces 
an EPSP, the relatively depolarized potential increases the driving force for Cl– 
in!ux. "is increases the outward current triggered by GABA, which counters the 
EPSP-producing inward current, making it more di$cult for the cell’s membrane 
potential to reach the threshold for %ring action potentials (Figure 3–29A, middle 
and right panels). 

"e interaction of excitatory and inhibitory input can also be seen in an elec-
trical circuit model, where each is represented by a branch consisting of a switch 
(representing neurotransmitter release), a conductance (ge or gi representing 
EPSC or IPSC conductance), and a battery (representing the reversal potential 
for the excitatory glutamate receptors, Ee-rev, or the GABAA receptor, which 
equals ECl). When only the inhibitory input is switched on, because ECl is more 
hyperpolarized than the resting potential (Er), a small outward current is prod-
uced from the gi branch, resulting in a small hyperpolarizing IPSP (Figure 3–29B, 
left). When only the excitatory input is switched on, a large inward current is 
produced from the ge branch because Ee-rev is much more depolarized than Er, 
resulting in a large depolarizing EPSP (Figure 3–29B, middle). When both the 
excitatory and the inhibitory inputs are switched on, part of the inward current in 
the ge branch !ows outward through the gi branch (Figure 3–29B, right), leading 
to a smaller depolarization e#ect than when the ge branch is active alone. Indeed, 
as can be seen from the circuit model, even when ECl equals Er, which means that 
there is no net in!ux or e'ux of Cl– at rest, GABAA receptor opening creates an 
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Figure 3–28  Inhibitory postsynaptic 
potentials (IPSPs). Top, experimental 
setup. Two electrodes were inserted 
into a spinal motor neuron, one for 
passing current to change the holding 
membrane potential, and the other to 
measure the membrane potential in 
response to electrical stimulation of the 
inhibitory input. Bottom, IPSPs recorded 
at four different holding membrane 
potentials. Each record represents the 
superposition of about 40 traces. At the 
membrane potentials of –74 mV or above, 
stimulation of inhibitory input resulted 
in hyperpolarizing IPSPs, with increasing 
amplitudes as the membrane potentials 
became less negative. At the membrane 
potentials of –82 mV or below, stimulation 
of inhibitory input resulted in depolarizing 
IPSPs, with increasing amplitudes as 
the membrane potentials became 
more negative. (Graphs adapted from 
Coombs JS, Eccles JC & Fatt P [1955] 
J Physiol 130:326–373.)
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neurons can co-release a modulatory neurotransmitter and the excitatory neu-
rotransmitter glutamate, or a modulatory neurotransmitter and the inhibitory 
neurotransmitter GABA.

In addition to the small-molecule neurotransmitters we have discussed thus 
far, some neurons also secrete neuropeptides that can act as neurotransmitters 
to communicate with postsynaptic neurons. !e mammalian nervous system 
utilizes dozens of neuropeptides, with lengths ranging from a few amino acids 
to several dozen. As we will learn in Chapters 8 and 9, neuropeptides regulate 
diverse and vital physiological functions such as eating, sleeping, and sexual 
behaviors. Neuropeptides are usually produced by proteolytic cleavage of 
precursor proteins in the secretory pathway (see Figure 2–2). !ey are packaged 
into dense-core vesicles (which are larger than synaptic vesicles and contain 
electron-dense materials) after vesicles containing neuropeptides bud o" from 
the Golgi apparatus, and are delivered via fast axonal transport to presynaptic 
terminals. Because they cannot be locally synthesized or recovered after release, 
but must be transported across long distances from the soma to axon terminals, 
neuropeptides are used more sparingly. !e probability of neuropeptide release 
seems to be much lower than that of small-molecule neurotransmitters even when 
they are present in the same terminals. Compared to synaptic vesicles that release 
small-molecule neurotransmitters, we know far less about the mechanisms 
that control neuropeptide release from dense-core vesicles. In most cases, 
neuropeptides play modulatory roles, and are released from neurons that use a 
small-molecule neurotransmitter. As we will learn in Chapter 8, some neurons 
secrete neuropeptides into the bloodstream; in these cases, neuropeptides act as 
hormones to in#uence the physiology of recipient cells remotely.

!e reason why di"erent neurotransmitters have di"erent e"ects is because 
the receptors on the postsynaptic membrane have di"erent properties. We now 
turn to the next step of neuronal communication: how neurotransmitters act on 
postsynaptic neurons.

HOW DO NEUROTRANSMITTERS ACT ON 
POSTSYNAPTIC NEURONS?
In the $rst part of the chapter, we used postsynaptic responses, such as the end-
plate potential (see Figure 3–1) or postsynaptic inward current (see Figures 3–5 
and 3–9) as assays to investigate the mechanisms of presynaptic neurotransmitter 
release. In the following sections, we will discuss the mechanisms by which post-
synaptic neurons produce these responses. We $rst discuss rapid responses that 

Table 3–2: Commonly used neurotransmitters

Neurotransmitter Major uses in the vertebrate nervous system1

Acetylcholine motor neurons that excite muscle; ANS2 neurons; 
CNS excitatory and modulatory neurons 

Glutamate most CNS excitatory neurons; most sensory neurons

GABA most CNS inhibitory neurons

Glycine some CNS inhibitory neurons (mostly in the brainstem and 
spinal cord)

Serotonin (5-HT) CNS modulatory neurons

Dopamine CNS modulatory neurons

Norepinephrine CNS modulatory neurons; ANS2 neurons

Histamine CNS modulatory neurons

Neuropeptides usually co-released from excitatory, inhibitory, or modulatory 
neurons; neurosecretory cells

1  See text for variations in invertebrate nervous systems.
2    ANS, autonomic nervous system; as will be discussed in more detail in Chapter 8, acetylcholine and 

norepinephrine are used in di"erent subtypes of ANS neurons.
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T4 cell dendrites are polarized according to their preferred direction. (a) Anatomical polarization. Electron microscopic
reconstructions of the four T4 subtypes are shown (Shinomiya et al. 2019).Within the retinotopic map of the optic lobes, the tips of the
dendrites are directed against the preferred direction (arrow) of each subtype. (b) Synaptic input polarization. T4 dendrites receive input
from glutamatergic Mi9 in the column where they extend their tips, from cholinergic Mi1 and Tm3 in the central column, and from
GABAergic Mi4, C3, and CT1 in the column where they enter, that is, the base of their dendrite. Panels a and b adapted from
Shinomiya et al. (2019) (CC BY 4.0). (c) Transmitter receptor distribution. Across all subtypes, the glutamate-gated chloride channel
GluClα is found primarily at the dendritic tips, the nicotinic acetylcholine receptor nAChRα7 is found at the center, and the GABA
receptor Rdl is found at the base of the dendrite. Data for panel c from Fendl et al. (2020). Abbreviations: C, centrifugal; CT, complex
tangential; GABA, γ-aminobutyric acid; GluClα, glutamate-gated chloride channel α; Mi, medulla intrinsic; nAChRα7, nicotinic
acetylcholine receptor α7, Rdl, resistant to dieldrin; Tm, transmedullary.

Mi4, C3, and CT1 input in the left column. The same is true for subtypes T4c and T4d, just with
respect to the upper and lower columns.

Immunohistochemical studies (Pankova & Borst 2017, Richter et al. 2018, Takemura et al.
2017) identified the transmitter phenotype of each input neuron, which has important implica-
tions for the functional interpretation of this input organization. Together with single-cell RNA
sequencing (Davis et al. 2020), these studies revealed that Mi9 uses glutamate, Mi1 and Tm3
use acetylcholine, and Mi4, C3, and CT1 use γ-aminobutyric acid (GABA) as their respective
transmitters. To understand the effect of a transmitter on the postsynaptic neuron, the respective
receptor is of decisive importance. Single-cell and bulk RNA sequencing in T4 cells showed
high expression levels of the glutamate-gated chloride channel GluClα and several subunits of
nicotinic acetylcholine and GABAA receptors (Davis et al. 2020, Hörmann et al. 2020, Pankova
& Borst 2016). Using a novel method for the conditional tagging of endogenous proteins,
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And third, in agreement with the Hassenstein–Reichardt model, medullary neurons constitute a
temporal filter bank that supplies both T4 and T5 cells with a repertoire of differentially filtered
input signals (Arenz et al. 2017, Serbe et al. 2016, Strother et al. 2017, Yang et al. 2016).

In the OFF pathway, Tm9 neurons, which form synapses at the tips of T5 dendrites, have
much longer response time constants compared to those of Tm1, Tm2, and Tm4 in the neigh-
boring column (Serbe et al. 2016). Consequently, an enhancement of responses to motion in the
preferred direction could arise from a supralinear interaction between the excitatory synapses in
the two columns (Leong et al. 2016, Haag et al. 2017). Responses to motion in the null direction
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Figure 1
Models of motion detection. (a) A visual motion detector requires at least two input signals (SA and SB) from adjacent photoreceptors
(A and B). The signals are differentially delayed by !t so that they coincide at the detector only if A is activated prior to B, as is the case
for motion in the preferred direction (rightward) but not for motion in the opposite direction. A nonlinear interaction is required to
detect the coincidence of SA and SB. The bottom two rows of graphs show a signal summation (SA + SB) followed by a threshold
(horizontal dashed line) and a signal multiplication (SA × SB). (b) Early proposal of a motion detection circuit. Panel b reproduced from
Exner (1894) (public domain). (c) Correlation or Hassenstein–Reichardt detector. Photoreceptor signals from adjacent image points are
differentially filtered in time (F and H) and multiplied (M) in a mirror-symmetrical way. The outputs of the multipliers are subtracted.
Panel c reproduced with permission from Reichardt (1961); copyright 1961, Massachusetts Institute of Technology. All rights reserved.
(d) Preferred direction excitation and null direction inhibition, realized by AND (left) and AND NOT (right) gates, respectively, as two
alternate mechanisms underlying direction selectivity in the rabbit retina. Panel d reproduced with permission from Barlow & Levick
(1965). (e) A combination of the two mechanisms within one stage, as proposed by Haag et al. (2016, 2017) and Leong et al. (2016).
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realization has lead to the proposal that gain modulation 
controls the selection of different neuronal assemblies 
used for distinct computational tasks44–46. For neurons 
operating in coincidence-detection mode under sparse 
activation conditions, the gain of the I–O relationship 
also determines the shape of the time-window in which 
inputs can be integrated to generate a spike, with higher 
gain giving a sharper cut-off (FIG. 2d). Thus, through such 
arithmetic operations an individual neuron can poten-
tially control both the width and ‘roll-off ’ of the tempo-
ral correlation window for synaptic integration47,48 and 
hence also control the temporal properties of signals that 
can propagate through the network49,50.

Mechanisms underlying arithmetic operations
Subthreshold synaptic integration and linear opera-
tions. The way in which synaptic inputs are combined 
is largely determined by the electrical properties of 
the membrane. The membrane potential of a neuron 
increases from its resting membrane potential (typically 
–75 mV) during excitatory synaptic input, when current 
flows into the cell through transient conductances at 
each of the activated synapses. The resulting excitatory 
postsynaptic potentials (EPSPs) do not sum linearly 
with increasing numbers of active synapses because 
current flow through a synaptic conductance depends 
on the driving force, which is reduced as the voltage 
increases. Increasing synaptic conductance also lowers 
the resistance of the cell membrane and this reduces 
both the change in voltage produced by a current  
and the membrane time constant. Increasing membrane 
conductance in electrically compact neurons, such as the 
CGCs, therefore scales down the amplitude and speeds 
the decay of EPSPs (FIG. 3a). Although these synaptic 
conductance effects also occur locally in the dendrites of 
morphologically complex cells, such as cortical pyrami-
dal cells, brief conductances arising from distant den-
dritic synapses may have little effect on each other or on 
the somatic input resistance because the space constant  
for conductance is half of that for voltage51,52. Their effect 
on the soma is therefore more like a group of current 
sources that add linearly. These passive subthreshold 
mechanisms contribute to the linearizing integration of 
EPSPs distributed on dendritic trees.

Shunting inhibitory conductances. Inhibitory synapses are 
often located close to the soma, where their conductance 
can have a large effect on somatic input resistance5,52–54 
(and thus spiking) because of the proximity to the spike 
initiation zone. Fast inhibitory transmission is typically 
mediated by GABAA (γ-aminobutyric acid type A) recep-
tors, which conduct Cl– and HCO3

– ions and often have a 
reversal potential close to the resting potential. At resting 
potential, little current is generated by these synapses due 
to the small driving force, but the increase in membrane 
conductance that they introduce short-circuits excitatory 
synaptic currents by locally reducing the input resist-
ance. These shunting inhibitory conductances (also known 
as silent inhibitory conductances), which can be strong 
in vivo54, scale down EPSPs in a multiplicative manner 
(FIG. 3a), in accordance with Ohm’s law, as recognized many 
years ago55,56. Classical theoretical work suggests that the 
arithmetic operations resulting from shunting inhibi-
tion depend on the size and location of the conductance; 
inhibition may have a divisive effect on the EPSP if the 
conductance is large and located close to the soma, but 
may have a subtractive effect if the conductance is small 
and spatially distributed2,57. Inhibitory synapses placed 
between a distal excitatory input and the soma are effec-
tive, especially when located close together2,4,5,8,27. This 
may enable dendritic-branch-specific veto and logical 
AND–NOT operations4, a conclusion that has been strength-
ened by more recent experimental work58. Together, 
these studies of subthreshold interactions of coincident 
excitatory and inhibitory postsynaptic conductances 

Figure 3 | Subthreshold effects of shunting conductance and its effect on the 
input–output relationship of a cerebellar granule cell in the absence of noise. 
The effect of shunting inhibition on cerebellar granule cells (CGCs) was investigated in 
acute cerebellar slices using the dynamic clamp technique. a | An excitatory postsynaptic 
potential (EPSP) evoked by an AMPAR (α-amino-3-hydroxy-5-methyl-4-isoxazole 
propionic acid receptor) synaptic conductance waveform (reversal potential 0 mV) that 
was injected during control conditions (shown in black) and during application of a 
1 nanosiemens (nS) tonic shunting inhibitory conductance (reversal potential –75 mV). 
This inhibitory conductance scaled down the amplitude of the EPSP, consistent with 
Ohm’s law, and accelerated the decay of the EPSP as a result of a reduction in the 
membrane time constant (shown in green). b | CGC firing responses to a noise-free 
excitatory conductance step (Gexc, shown in red). The upper traces show the voltage 
responses to Gexc under control conditions (shown in black) and during injection of an 
inhibitory conductance (shown in orange). c | The relationship between mean firing rate 
of a CGC and step excitatory conductance in the presence and absence (control) of an 
inhibitory conductance. The inhibitory conductance produced a purely subtractive input 
modulation (x-axis shift; FIG. 1c) in the neuronal input–output relationship. d | The 
relationship between current flow through the tonic inhibitory conductance and  
the driving excitatory conductance, for subthreshold voltages (+) and during spiking (Δ). 
The inhibitory current depends on the excitatory conductance as the subthreshold 
voltage depolarizes, as expected for a conductance. However, during sustained firing the 
shunting inhibitory conductance behaves like a constant current source22. This explains 
why shunting inhibition has a multiplicative effect on subthreshold inputs but has an 
additive effect during sustained firing under low noise conditions. Figure is modified, 
with permission, from REF. 23 © (2003) Elsevier.
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realization has lead to the proposal that gain modulation 
controls the selection of different neuronal assemblies 
used for distinct computational tasks44–46. For neurons 
operating in coincidence-detection mode under sparse 
activation conditions, the gain of the I–O relationship 
also determines the shape of the time-window in which 
inputs can be integrated to generate a spike, with higher 
gain giving a sharper cut-off (FIG. 2d). Thus, through such 
arithmetic operations an individual neuron can poten-
tially control both the width and ‘roll-off ’ of the tempo-
ral correlation window for synaptic integration47,48 and 
hence also control the temporal properties of signals that 
can propagate through the network49,50.

Mechanisms underlying arithmetic operations
Subthreshold synaptic integration and linear opera-
tions. The way in which synaptic inputs are combined 
is largely determined by the electrical properties of 
the membrane. The membrane potential of a neuron 
increases from its resting membrane potential (typically 
–75 mV) during excitatory synaptic input, when current 
flows into the cell through transient conductances at 
each of the activated synapses. The resulting excitatory 
postsynaptic potentials (EPSPs) do not sum linearly 
with increasing numbers of active synapses because 
current flow through a synaptic conductance depends 
on the driving force, which is reduced as the voltage 
increases. Increasing synaptic conductance also lowers 
the resistance of the cell membrane and this reduces 
both the change in voltage produced by a current  
and the membrane time constant. Increasing membrane 
conductance in electrically compact neurons, such as the 
CGCs, therefore scales down the amplitude and speeds 
the decay of EPSPs (FIG. 3a). Although these synaptic 
conductance effects also occur locally in the dendrites of 
morphologically complex cells, such as cortical pyrami-
dal cells, brief conductances arising from distant den-
dritic synapses may have little effect on each other or on 
the somatic input resistance because the space constant  
for conductance is half of that for voltage51,52. Their effect 
on the soma is therefore more like a group of current 
sources that add linearly. These passive subthreshold 
mechanisms contribute to the linearizing integration of 
EPSPs distributed on dendritic trees.

Shunting inhibitory conductances. Inhibitory synapses are 
often located close to the soma, where their conductance 
can have a large effect on somatic input resistance5,52–54 
(and thus spiking) because of the proximity to the spike 
initiation zone. Fast inhibitory transmission is typically 
mediated by GABAA (γ-aminobutyric acid type A) recep-
tors, which conduct Cl– and HCO3

– ions and often have a 
reversal potential close to the resting potential. At resting 
potential, little current is generated by these synapses due 
to the small driving force, but the increase in membrane 
conductance that they introduce short-circuits excitatory 
synaptic currents by locally reducing the input resist-
ance. These shunting inhibitory conductances (also known 
as silent inhibitory conductances), which can be strong 
in vivo54, scale down EPSPs in a multiplicative manner 
(FIG. 3a), in accordance with Ohm’s law, as recognized many 
years ago55,56. Classical theoretical work suggests that the 
arithmetic operations resulting from shunting inhibi-
tion depend on the size and location of the conductance; 
inhibition may have a divisive effect on the EPSP if the 
conductance is large and located close to the soma, but 
may have a subtractive effect if the conductance is small 
and spatially distributed2,57. Inhibitory synapses placed 
between a distal excitatory input and the soma are effec-
tive, especially when located close together2,4,5,8,27. This 
may enable dendritic-branch-specific veto and logical 
AND–NOT operations4, a conclusion that has been strength-
ened by more recent experimental work58. Together, 
these studies of subthreshold interactions of coincident 
excitatory and inhibitory postsynaptic conductances 

Figure 3 | Subthreshold effects of shunting conductance and its effect on the 
input–output relationship of a cerebellar granule cell in the absence of noise. 
The effect of shunting inhibition on cerebellar granule cells (CGCs) was investigated in 
acute cerebellar slices using the dynamic clamp technique. a | An excitatory postsynaptic 
potential (EPSP) evoked by an AMPAR (α-amino-3-hydroxy-5-methyl-4-isoxazole 
propionic acid receptor) synaptic conductance waveform (reversal potential 0 mV) that 
was injected during control conditions (shown in black) and during application of a 
1 nanosiemens (nS) tonic shunting inhibitory conductance (reversal potential –75 mV). 
This inhibitory conductance scaled down the amplitude of the EPSP, consistent with 
Ohm’s law, and accelerated the decay of the EPSP as a result of a reduction in the 
membrane time constant (shown in green). b | CGC firing responses to a noise-free 
excitatory conductance step (Gexc, shown in red). The upper traces show the voltage 
responses to Gexc under control conditions (shown in black) and during injection of an 
inhibitory conductance (shown in orange). c | The relationship between mean firing rate 
of a CGC and step excitatory conductance in the presence and absence (control) of an 
inhibitory conductance. The inhibitory conductance produced a purely subtractive input 
modulation (x-axis shift; FIG. 1c) in the neuronal input–output relationship. d | The 
relationship between current flow through the tonic inhibitory conductance and  
the driving excitatory conductance, for subthreshold voltages (+) and during spiking (Δ). 
The inhibitory current depends on the excitatory conductance as the subthreshold 
voltage depolarizes, as expected for a conductance. However, during sustained firing the 
shunting inhibitory conductance behaves like a constant current source22. This explains 
why shunting inhibition has a multiplicative effect on subthreshold inputs but has an 
additive effect during sustained firing under low noise conditions. Figure is modified, 
with permission, from REF. 23 © (2003) Elsevier.
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Power law
A mathematical relationship 
between two quantities (for 
example, x and y) of the form 
y(x)=kxn, in which k is a 
constant and n is the exponent. 
Such relationships have the 
special property that they are 
scale invariant.

Whether a shunting inhibitory conductance can 
modulate rate-coded neuronal gain in the presence of 
a fixed level of noise has also been a matter of debate. 
Experimental and theoretical work suggests that con-
ductance does not change neuronal gain in the pres-
ence of fixed noise66,92. However, simulations predict 
that modest gain changes can occur under some  
conditions23,79. Although such gain changes are weaker 
than those for variable noise and only occur for small 
modulatory inputs and relatively low firing rates, the 
mechanism underlying this effect provides insights 

into the mechanisms of noise- and conductance-based 
gain modulation. Noise converts the relationship 
between output firing rate and mean voltage ƒout–Vm 
from a step-like threshold to a smooth function that 
approximates a power law23,42,79,81,82,93 (FIG. 5d). Changes 
in subthreshold voltage caused by a modulatory input 
can be coupled to output spiking through this continu-
ous function. The shape of the ƒout–Vm relationship is 
important as power laws can perform a crude form 
of multiplication81, because additive shifts along the 
x-axis can have a multiplicative action as a function 
of the x-axis (Supplementary information S1 (box)). 
However, for modulatory inputs to produce changes 
in gain without an additive shift66 or for these gain 
changes to be a function of both the x- and y-axes, 
an additional nonlinearity93 or a change in the ƒout–Vm 
relationship is required (R.A.S. and V. Steuber, unpub-
lished observations). Indeed, changes in the exponent 
of the power law are expected if the level of synaptic 
noise changes66, if the frequency of rate-coded excita-
tory input is altered23 or if the rate of an inhibitory 
synaptic input is modified77,79,88. All of these changes 
produce a robust gain change as a function of both 
the x- and y-axes. Thus, synaptic noise enables shunt-
ing inhibition to modulate neuronal gain during sus-
tained firing, thereby providing a biologically plausible 
mechanism for those early models that proposed that 
shunting inhibition performs gain modulation59,60. 
However, this does not generalize to temporally  
correlated signalling, where it is subtractive73 .

Input nonlinearities and gain modulation. Several stud-
ies of neurons in the primary visual cortex (V1) have 
focused on the roles of noise and the resulting power law 
of multiplicative operations on rate-coded signals42,81,82, 
as this can potentially explain how neurons maintain 
their selectivity for stimulus orientation despite large 
changes in image contrast (contrast invariance)42.  
In an interesting twist to our understanding of the 
underlying computational mechanisms, the sensory 
input parameters in such models, which are often rep-
resented as sigmoidal and Gaussian functions, were 
shown to be crucial for gain modulation in the presence 
of a constant level of noise93. When such an additional 
nonlinear input is combined with a power law ƒout–Vm 
relationship (fixed levels of noise), a robust output 
gain modulation occurs by simply altering conduct-
ance or adding current93. More recent work suggests 
that contrast invariance in V1 may arise from multiple 
mechanisms94–96 and that neuronal gain modulation is 
associated with a simultaneous change in voltage noise 
and input resistance in vivo97. A related multiplicative 
transformation that is mediated by nonlinear Na+  
channels98 has also been reported in the locust visual 
system, in neurons that are sensitive to looming objects. 
In summary, studies of the visual system highlight the 
importance of considering all of the linear and non-
linear components arising from the stimulus repre-
sentation and synaptic input, together with noise and 
conductance, to understand how neuronal gain control 
is achieved in the brain.

Figure 5 | Inhibition-mediated gain modulation with noisy rate-coded synaptic 
input in cerebellar granule cells. The effect of shunting inhibition on the rate  
coded input-output (I–O) relationship of cerebellar granule cells (CGCs) driven with 
random trains of noisy, synaptic-like conductances in the acute cerebellar slice 
preparation using the dynamic clamp technique. a | A CGC was excited by four 
summed Poisson trains of AMPAR (α-amino-3-hydroxy-5-methyl-4-isoxazole propionic 
acid receptor) synaptic conductances (Gexc) with a reversal potential of 0 mV under 
control conditions and during a 1 nanosiemens (nS) constant (tonic) inhibitory 
conductance. The resulting relationships between CGC firing rate and the mean 
excitation rate are shown in b. b | Application of the tonic inhibitory conductance 
reduced the slope of the I–O relationship (divisive operation, shown in green) and 
introduced an additive offset (subtractive operation, shown in orange). c | The 
relationship between the variance of random trains of synaptic conductances with 
constant amplitude and the total excitation rate (shown by grey circles). The variance 
increases with rate as predicted by Campbell’s theorem. σ2 is the conductance 
variance, ν is the total synaptic rate, and G(t) is the time course of the synaptic 
conductance waveform. d | The relationship between firing rate and mean voltage for 
control and during 1 nS tonic inhibition. In the presence of noise, this relationship is 
approximated by a power law, which when combined with conductance changes can 
perform a crude form of multiplication81 (shown by solid green and grey lines). In 
contrast to the noise-free case (FIG. 3), a shunting inhibitory conductance has a 
multiplicative effect on the rate-coded input–output relationship owing to synaptic 
inputs exhibiting an excitation-dependent variance. Parts a, b and d are reproduced, 
with permission, from REF. 23 © (2003) Elesvier. 
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But Shunting inhibition can become divisive 
in the presence of large synaptic input noise
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The organization of neural circuits 

Circuit diagrams or connectomes are absolutely necessary but completely 
insufficient for understanding nervous system function. 

Eve Marder



Circuit motifs
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!e simplest circuit consists of two synaptically connected 
neurons, such as the sensory neuron–extensor motor 
neuron connection in the knee-jerk re"ex. In circuits that 
contain more than two neurons, the individual neurons 
can receive input from and send output to more than one 
partner. Further complexity arises when some neurons in a 
circuit are excitatory and others are inhibitory. !e nervous 
system employs many circuit motifs, that is, di#erent ways 
in which circuits can be con$gured so that the connection 
patterns of individual neurons combine to carry out speci$c 
functions. We introduce here some of the most commonly 
used circuit motifs (Figure 1–21).

Let’s $rst consider circuits that contain only excitatory 
neurons. When several neurons synapse onto the same 
postsynaptic neuron, this constitutes the circuit motif 
of convergent excitation (Figure 1–21A). Conversely, 
divergent excitation (Figure 1–21B) refers to the motif 
where a single neuron synapses onto multiple postsynaptic 
targets via branched axons (these axon branches are also 
called collaterals). Convergent and divergent connections 
allow individual neurons to integrate input from multiple 
presynaptic neurons, and to send output to multiple 
postsynaptic targets. Serially connected excitatory neurons 
constitute a feedforward excitation motif (Figure 1–21C) to 
propagate information across multiple regions of the brain, 
such as the relay of somatosensory stimuli to the primary 

somatosensory cortex (see Figure 1–20). If a postsynaptic 
neuron synapses onto its own presynaptic partner, this 
would produce a feedback excitation motif (Figure 1–21D). 
Neurons that transmit parallel streams of information can 
also excite each other, forming a motif of recurrent (lateral) 
excitation (Figure 1–21E).

When excitatory and inhibitory neurons interact in the 
same circuit, as is most often the case, many interesting 
circuit motifs can be constructed and used for di#erent 
purposes. !e names of these motifs that involve inhibitory 
neurons usually emphasize the nature of the inhibition. 
In feed forward inhibition (Figure 1–21F), an excitatory 
neuron synapses onto both an excitatory and an inhibi-
tory postsynaptic neuron, and the inhibitory neuron fur-
ther synapses onto the excitatory postsynaptic neuron. 
In feedback inhibition (Figure 1–21G), the postsynaptic 
excitatory neuron synapses onto an inhibitory neuron, 
which synapses back to the postsynaptic excitatory neuron. 
In both cases, inhibition can control the duration and the 
magnitude of the excitation of the postsynaptic excitatory 
neuron. In recurrent (cross) inhibition (Figure 1–21H), 
two parallel excitatory pathways cross-inhibit each other 
via inhibitory neuron intermediates; the inhibition of the 
"exor motor neuron in the knee-jerk re"ex discussed in 
Section 1.9 is an example of recurrent inhibition. In lateral 
inhibition (Figure 1–21I), an inhibitory neuron receives 

excitatory input from one or sev-
eral parallel streams of excitatory 
neurons, and sends inhibitory out-
put to many postsynaptic targets of 
these excitatory neurons. Lateral 
inhibition is widely used in process-
ing sensory information, as we will 
study in greater detail in Chapters 
4 and 6. Finally, when an inhibi-
tory neuron synapses onto another 
inhibitory neuron, the excitation of 
the $rst inhibitory neuron reduces 
the inhibitory output of the second 
inhibitory neuron, causing disin-
hibition of the target of the second 
inhibitory neuron (Figure 1–21J).

Circuit motifs containing excitatory 
and inhibitory neurons are often 
used in combinations that give 
rise to many di#erent ways of 
processing information in complex 
nervous systems. In Chapter 3, we 
will encounter another group of 
neurons, the modulatory neurons, 
which can act on both excitatory 
and inhibitory neurons to up- or 
down-regulate their excitability or 
synaptic transmission, adding further 
complexity and richness to the 
information processing functions of 
neural circuits.

Box 1–2: Commonly used neural circuit motifs

(A) convergent
excitation

(B) divergent
excitation

(C) feedforward
excitation

(D) feedback
excitation

(E) recurrent
(lateral)

excitation

(F) feedforward
inhibition

(I) lateral
inhibition

(J) disinhibition(G) feedback
inhibition

(H) recurrent
(cross) inhibition

PON n1.100/1.21

Figure 1–21  Commonly used circuit motifs. In all panels, the general information !ow 
is from left to right. (A–E) Circuit motifs consisting of excitatory neurons. These include 
convergent excitation (A), in which multiple neurons synapse onto the same neuron; divergent 
excitation (B), in which a single neuron synapses onto multiple target neurons; feedforward 
excitation (C), in which neurons are connected in series; feedback excitation (D), in which the 
postsynaptic neuron synapses onto its presynaptic partner; and recurrent excitation (E), in 
which two parallel pathways cross excite each other. (F–J) Circuit motifs that include inhibitory 
neurons. In feedforward inhibition (F), the inhibitory neuron receives input from a presynaptic 
excitatory neuron and sends output to a postsynaptic excitatory neuron, whereas in feedback 
inhibition (G), the inhibitory neuron receives input from and sends output to the postsynaptic 
excitatory neuron. For recurrent inhibition (H) and lateral inhibition (I), only feedforward modes 
are depicted; in the feedback modes of these motifs (not shown), the inhibitory neuron(s) 
receive input(s) from postsynaptic rather than the presynaptic excitatory neurons in the parallel 
pathways. In the disinhibition motif (J), the target of the second inhibitory neuron (not shown) 
can be excitatory or inhibitory. When the "rst inhibitory neuron is excited, the target of the 
second inhibitory neuron becomes disinhibited, because excitation of the "rst inhibitory neuron 
causes the second inhibitory neuron to be less active. 
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distribution of few-node connectivity patterns, or motifs
[26,27]. Another such approach is analyzing the utilization
(or, in this case, the strength) of connections [28,29,30].

In this paper, we apply a combination of statistical methods
to a large dataset from hundreds of simultaneous quadruple
whole-cell recordings from visual cortex in developing rats.
Our results confirm previous indications of nonrandomness
and point out several new ones. In particular, we show that
the distribution of connection strengths between pyramidal
neurons is non-Poisson and find correlations in the strength
of the connections sharing pre- or postsynaptic neurons.
Also, we find several overrepresented three-neuron connec-
tivity patterns, or motifs. Surprisingly, we find that some few-
neuron motifs can play an important role in the dynamics of
layer 5 local cortical networks because they are composed of
exceptionally strong connections. This suggests a novel view
of the local cortical network, in which a skeleton of stronger
connections is immersed in a sea of weaker ones.

Results

We studied connectivity among thick tufted layer 5
neurons in rat visual cortex with quadruple whole-cell
recordings (Figure 1A and 1B). Thick tufted layer 5 pyramidal
neurons are important projection neurons from the cerebral
cortex to subcortical areas [9,31,32]. Synaptic connection
strengths were assessed by evoking action potentials in each
of the four cells and measuring the averaged peak excitatory
postsynaptic potential (EPSP) amplitudes in the other three
cells (see Figure 1C and Materials and Methods). Results of
these measurements for a sample quadruple recording are
shown in Figure 1D. Each arrow indicates a detected
connection with the corresponding connection strengths.

The dataset contained a total of 816 quadruple recording
attempts (some of these attempts contained data for only two
or three neurons, if whole-cell configuration was not
successfully established with all four cells). As previously
reported [5], the rate of connectivity was p = 11.6% (931
connections out of 8,050 possible connections), which is
similar to that reported for rat somatosensory cortex layers 5
[6,9] and 2/3 [11], as well as those previously reported for rat
visual cortical layers 5 [3,10] and 2/3 [11].

Two-Neuron Patterns
We started by assessing how well a randomly connected

network [33] describes our dataset. In this model, the
existence of a connection between any two neurons is
independently chosen with a uniform probability p
(Figure 2A). We test the predictions of this model by
classifying all simultaneously recorded pairs of neurons into
three classes: unconnected, unidirectionally connected, and
bidirectionally connected. Given connection probability p
and total number of pairs N, the expected number of
unconnected pairs should be N(1! p)2. The expected number
of unidirectionally connected pairs should be 2Np(1! p), and
the expected number of bidirectionally connected pairs
should be Np2. We find that the actual number of bidirec-
tionally connected pairs is four times that of the expected
numbers (p , 0.0001) (Figure 2B). The observed over-
representation of reciprocally connected layer 5 neurons
confirms previous reports [5,6]. Such overrepresentation has
also been observed in layer 2/3 of the rat visual cortex [11].
However, whether projections between layers observe this
pattern remains an open question.
Can the overrepresentation of reciprocal connections

reflect an experimental artifact? Indeed, such overrepresen-

Figure 1. Illustration of a Quadruple Whole-Cell Recording

(A) Dodt contrast image showing four thick-tufted L5 neurons before patching on.
(B) Fluorescent image of the same four cells in whole-cell configuration.
(C) Average EPSP waveform measured in the postsynaptic neuron (bottom) while evoking action potentials in the presynaptic neuron (top).
(D) Diagram of detected synaptic connections and their strengths for this quadruple recording.
DOI: 10.1371/journal.pbio.0030068.g001
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of the data from 14 to 16-d-old animals when the majority of
measurements were performed (see Figure S5). We found that
bidirectional connections are also overrepresented in this
subset of data. Results of other analyses that will be described
later in the paper are also confirmed on this subset
(Figure S5).

Finally, it is possible that some extreme degree of
inhomogeneity in connections probability is able to explain
the observed overrepresentation of reciprocal pairs, but this
would probably reflect large local inhomogeneity in cortical
connectivity patterns—possibly differences between sub-
classes [6,35], rather than experimental artifacts—and is in
line with the main conclusions of this paper.

Three-Neuron Patterns
We extended our analysis by comparing the statistics of

three-neuron patterns to those expected by chance [26,27].
We classify all triplets into 16 classes and count the number of
triplets in each class. In order to avoid reporting over-
represented three-neuron patterns just because they contain
popular two-neuron patterns, we have revised the null
hypothesis[26,27]. The control distribution was obtained
numerically by constructing random triplets where constit-
uent pairs are chosen independently, but with the same
probability of bidirectional and unidirectional connections
as in data (Figure 4A). For example, the actual probability of a
unidirectional connection is (according to Figure 2B) 495/
(3312 þ 495 þ 218) = 0.123. Then the probability of
unidirectional connection from A to B is 0.123/2 = 0.0615,
the same as from B to A (see Figure 4A). The probability of
bidirectional connection is (according to Figure 2B) 218/
(3312 þ 495 þ 218) = 0.0542. The probability of finding the
particular triplet class in Figure 4A by chance is the product
of the probabilities of finding the three constituent pairs and
a factor to account for permutations of the three neurons.
The ratio of the observed counts and the expected counts for
each class are plotted in Figure 4B. The actual counts are
given as numbers on top of the bars. Although triplets from
several of these patterns have been reported previously [9,10],
small numbers of recordings have precluded statistical
analysis.

According to Figure 4B, several triplet patterns are
overrepresented. Is this overrepresentation statistically sig-
nificant? Because we look for overrepresentation in many
pattern classes at the same time, the raw p-values (Figure 4C)
overestimate the true significance (underestimate the true p-
value). To correct the raw p-values, one has to apply a
multiple-hypothesis testing procedure. We chose to correct
the p-values by applying a step-down min-P-based multiple-
hypothesis testing correction procedure (see Materials and
Methods). The corrected p-values (Figure 4C) give the
probability of mistakenly reporting at least one of the
patterns as overrepresented when it is not.

Two-neuron correlations are summarized by saying that if
neuron A synapses onto neuron B, then the probability of B
synapsing onto A is several times greater than chance. Three-
neuron correlations are summarized roughly by saying that if
A connects with B and B connects with C (regardless of
direction), the probability of connection between A and C is
several times greater than chance. Interestingly, similar
results have been obtained in the analysis of the Caenorhabditis
elegans wiring diagram [36], which was reconstructed from

serial section electron microscopy [1]. Because different
techniques have different biases, the similarity of results
suggests that correlations in synaptic connectivity represent a
general property of neuronal circuits. Such property may
represent evolutionary conservation from invertebrates to
mammals or convergence driven by similar computational
constraints.
Although individual connectivity patterns containing more

than three neurons could not be analyzed statistically for the
existing dataset (Table S1), we found a 70% overrepresenta-
tion of ‘‘chain’’ quadruplets (patterns number 21 23 24 26 28
29 31 32 33 34 35 38 39 41 43 as defined in Figure S6, p=0.004)
relative to the null hypothesis requiring that a random matrix
has the actual proportion of triplet classes.

Distribution of Synaptic Connection Strengths
Next, we turned our attention to the distribution of

synaptic connection strengths as characterized by EPSP
amplitude (Figure 5A). We estimated the probability density
function by binning connection strengths and dividing the
number of occurrences in each bin by the bin size. Since
there are many more weak connections than strong ones, we

Figure 4. Several Three-Neuron Patterns Are Overrepresented as
Compared to the Random Network

(A) Null hypothesis for three-neuron patterns assumes independent
combinations of connection probabilities of two kinds of two-neuron
patterns.
(B) Ratio of actual counts (numbers above bars) to that predicted by
the null hypothesis. Error bars are standard deviations estimated by
bootstrap method.
(C) Raw (open bars) and multiple-hypothesis testing corrected (filled
bars) p-values. p-values above 0.5 are not shown.
DOI: 10.1371/journal.pbio.0030068.g004
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!eld (see Figure 4–38). #e second level of organization is so-called functional 
architecture: within a given retinotopic area, neurons that share similar properties 
are further organized along the axis perpendicular to the cortical surface.

When Hubel and Wiesel performed their single-unit recording studies, they 
not only recorded the visual responses of individual cells, but also their posi-
tions in the cortex. In a typical experiment, they inserted an electrode from the 
cortical surface until they found a responding cell, measured its receptive !eld 
and orientation selectivity, then advanced the electrode further until they found 
and recorded the next cell, and so on. At the end of the recording, a large amount 
of current was passed to create a lesion marking the end of the electrode, and 
brain was examined in histological sections afterwards (Figure 4–42A). Plotting 
the orientation selectivity of individual cells along the electrode path revealed a 
remarkable organization. If the electrode was inserted perpendicular to the corti-
cal surface, then cells exhibited similar orientation selectivity at di$erent depths 
of the cortex. However, if the electrode was inserted at an oblique angle to the 
surface of the cortex, then the orientation selectivity of recorded cells changed 
gradually (Figure 4–42A). Together with earlier !ndings in the somatosensory cor-
tex, these studies suggest that the cerebral cortex is organized as vertical columns 
from the surface to the white matter underneath, and cells within the same col-
umn share similar properties.

Modern imaging experiments have greatly improved the resolution at which 
orientation columns can be observed. Whereas single-unit recordings can only 
record one cell a time, optical imaging can record activities of many neurons 
simultaneously (see Section 13.22  for details). For example, intrinsic signal 
imaging utilizes metabolic activities, including blood %ow and oxygenation lev-
els, as markers of neuronal activity. When applied to the visual cortex in response 
to stimuli of di$erent orientations, intrinsic signal imaging revealed that orient-
ation-selective columns are organized in a pinwheel-like structure in cats and 
monkeys. #e transitions between di$erent orientations are continuous (rather 
than discrete as Hubel and Wiesel originally imagined), except at the center of 
pinwheels, where cells with di$erent orientations converge at singular points 

brain surface(A)

(B) (C)

white
matter

1 mm

1 mm 100 µm

PON 3.41/4.42

Figure 4–42  Orientation columns in 
the cat visual cortex revealed by three 
different methods. (A) Two examples 
of single-unit recordings followed by 
histological tracing of the electrode paths. 
Lines intersecting the electrode paths 
represent the preferred orientation, with 
longer lines representing individual cortical 
cells and shorter lines representing 
regions  with unresolved background 
activity. The left electrode penetration 
path is more perpendicular to the cortical 
surface, and the orientation preferences 
change little for different cells along the 
path. The right electrode penetration 
path is more oblique, and orientation 
preferences change markedly along the 
path. (B) Surface view of orientation 
columns visualized by intrinsic signal 
imaging. Visual stimuli with different 
orientations (color coded at right) resulted 
in activation of different cell patches 
superimposed onto the same image. The 
white square highlights a pinwheel, with 
the center of the square representing the 
center of the pinwheel. (C) Surface view 
of orientation columns near the pinwheel 
center visualized by two-photon Ca2+ 
imaging. Visual stimuli using bars with 
different orientations (right) increased 
Ca2+ dyes "uorescence, which enabled 
individual cells with speci#c orientation 
selectivity to be mapped. This image is an 
overlay of cells recorded 130 to 290 �m 
from the surface corresponding to layers 
2 and 3 of V1; the signi#cance of these 
layers is discussed further in Section 
4.26. (A, adapted from Hubel DH & Wiesel 
TN [1962] J Physiol 160:106–154. With 
permission from the Physiological Society; 
B, from Bonhoeffer T & Grinvald A [1991] 
Nature 353:429–431. With permission 
from Macmillan Publishers Ltd; C, from 
Ohki K, Chung S, Kara P et al. [2006] 
Nature 442:925–928. With permission 
from Macmillan Publishers Ltd.)
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from granule cells, the most numerous type of neuron in the brain, which are 
located in the granular layer and receive excitatory input from mossy fibers 
originating from neurons outside the cerebellum. Each Purkinje cell is also 
innervated by a single climbing fiber, an axon branch originating from a neuron 
in the brainstem’s inferior olive nucleus (see the green structure in Figure 8–18B) 
that ‘climbs’ the major branch of the Purkinje dendritic tree, forming numerous 
excitatory synapses along the way. Purkinje cells are GABAergic and send 
inhibitory signals to neurons in the output nuclei of the cerebellum, which are 
called the deep cerebellar nuclei. Major projection targets of the deep cerebellar 
nuclei include the brainstem motor nuclei for descending motor control and the 
thalamus for communication with the cortex. The two input pathways, mossy 
fibers and climbing fibers, also send collateral branches to the deep cerebellar 
nuclei (Figure 8–20B). In addition to these projection neurons, the cerebellar 
cortex also contains three major types of local interneurons—the basket cell (see 
Figure 1-15B and Figure 7-22), the stellate cell, and the Golgi cell (Figure 8–20A). 
All three cells receive input from parallel fibers in the molecular layer. The basket 
and stellate cells send inhibitory output to Purkinje cells at the somata and distal 
dendrites, respectively, thus serving feed-forward inhibition. The Golgi cell 
sends inhibitory output back to granule cells, thus serving feedback inhibition 
(see Box 1–2). This circuit organization is repeated across the entire cerebellum, 
with complex somatotopic maps. For instance, the medial and lateral parts of the 
cerebellum regulate trunk and limb movement, respectively. Purkinje cells from 
the most posterior division directly innervate the vestibular nuclei (see Box 6–2) 
instead of the deep cerebellar nuclei; we will discuss their function shortly.

Around 1970, the circuit architecture of the cerebellum led theoreticians to 
propose, on the basis of Hebb’s rule (see Section 5.12), that the coincident firing 
of climbing fibers and parallel fibers could modify the parallel fiber–Purkinje cell 
synapses and, in so doing, allow climbing fiber input to modulate how Purkinje 
cells respond to activation of granule cell populations. Indeed, electrophysiologi-
cal experiments in the 1980s validated synaptic modification both in vivo and in 
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Figure 8–20  Organization of the cerebellar circuit. (A) Organization 
of the cerebellar cortex. Purkinje cell bodies form a single layer 
between the molecular and granular layers, and send output to the 
deep cerebellar nuclei via the white matter. Their planar dendrites 
extend across the entire molecular layer. Granule cells are located in 
the granular layer. Their axons first ascend into the molecular layer, 
and then bifurcate to form parallel fibers that intersect the Purkinje 
dendrites (they appear as dots in the cross section). Two external 
inputs, mossy fibers and climbing fibers, synapse onto granule cells 
and Purkinje cells, respectively. Also drawn are three major types of 
local GABAergic neurons, the basket, stellate, and Golgi cells. Arrows 

indicate the flow of information. (B) Schematic summary of major 
connections within the cerebellum and with other neural elements 
involved in spinal cord motor control. Cerebellar granule cells receive 
input from mossy fibers originating directly (solid arrow) or indirectly 
(dotted arrow) from the spinal cord, or originating from the pons 
that receives descending input from the motor cortex. The inferior 
olive neurons receive input from the spinal cord and send climbing 
fibers to the Purkinje cells. The deep cerebellar nuclei, which receive 
input from the Purkinje cells and the collaterals of mossy fibers and 
climbing fibers, send output to brainstem nuclei involved in motor 
control and to the motor cortex via the thalamus.
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serve speci!c physiological functions, and are simply developmental by-products 
of large cortices. Whatever the outcomes of these debates may be, the vertical 
organization of neurons with similar properties—whether clustered into columns 
or not—appears to be a cortical organization motif. We now turn to how signals 
"ow among these vertically organized cortical neurons.

4.26  Information generally flows from layer 4 to layers 2/3 and 
then to layers 5/6 in the neocortex

#e mammalian neocortex (the largest part of the cerebral cortex, including the 
visual cortex) is typically divided into six layers based on cell density di$erences 
that can be visualized using histological stains (Figure 4–45A). Studies of the 
visual cortex using in vivo intracellular recording (see Section 13.21 for details) 
have provided general insights into how information "ows between di$erent lay-
ers of the neocortex. Intracellular recordings can not only map the receptive !eld 
as single-unit extracellular recordings do but also !ll the recorded neurons with 
histochemical tracers such that their dendritic and axonal projection patterns can 
be reconstructed. #ese experiments revealed that neurons located at di$erent 
layers of the primary visual cortex have distinct dendritic and axonal projection 
patterns (Figure 4–45B), which can be used to deduce a model of information "ow 
(Figure 4–45C).

Let’s start with the LGN input to the visual cortex. #e LGN axons from 
the thalamus predominantly terminate in layer 4 of the primary visual cortex. 
Depending on the types of LGN neurons, their axons terminate in di$erent sub-
layers within layer 4 (axons of cells a and b in Figure 4–45B). Layer 4 cortical neu-
rons (for example, cells c and d) restrict their dendrites mostly within layer 4 so as 
to receive the LGN input; they send their axons predominately within their own 
layer and vertically to layers 2/3. Layer 2/3 neurons (for example, cell e) send their 
axons within layers 2/3, to layer 5, and through the white matter to other visual 
cortical areas. Layer 5 neurons (for example, cell f) project their axons to layer 6, 
to other cortical and subcortical areas such as the basal ganglia, and to superior 
colliculus for cortical control of eye movement. Layer 6 neurons (for example, cell 
g) send axons back to layer 4, and to the LGN, providing feedback control of LGN 
input. #us, information "ows generally from layer 4 to layer 2/3 and then to layer 
5/6 within the cortex. Physiological data support this model of general inform-
ation "ow. For instance, simple cells are enriched in layer 4, consistent with them 
being direct recipients of LGN input. Complex cells are not usually found in layer 
4, but are present in layers 2/3 and layers 5/6, consistent with them receiving 
input from simple cells.
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Figure 4–45  Information flow in the 
primary visual cortex. (A) Nissl staining 
of human V1 revealing that cortical 
neurons are organized in distinct layers 
based on cell size, shape, and density. 
(B) Representative axons of the cat LGN 
neurons that provide input to V1 (a–b), as 
well as axonal (red) and dendritic (blue) 
morphology of V1 neurons from layers 
4ab (c), 4c (d), 2/3 (e), 5 (f), and 6 (g), 
respectively, revealed by tracer injected 
during intracellular recordings. Axons and 
dendrites were distinguished from each 
other according to their morphological 
characteristics. (C) Schematic 
representation of information "ow, with 
the assumption that overlapping axons 
and dendrites in the same cortical layer 
form synaptic connections. The cells 
illustrated in panel B correspond to the 
cells immediately beneath them that are 
diagrammed in panel C. The feed-forward 
information "ow within V1 is highlighted 
in red. (A, adapted from Brodmann K 
[1909] Vergleichende Localisationslehre 
der Grosshirnrinde in ihren Prinzipien 
dargestellt auf Grund des Zellenbaues 
[Barth: Leipzig]; B & C, adapted from 
Gilbert CD [1983] Ann Rev Neurosci 
6:217–247. With permission from 
Annual Reviews.)
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systems, including activity-dependent5,6,11 
and activity-independent10 regulation of 
membrane conductances in the crustacean 
pyloric system; conductance modulation in 
crayfish20, Drosophila21 and mouse22 neurons 
by electrical activity; and activity-dependent 
regulation of excitatory23,24 and inhibitory25 
synaptic properties in rat cortical circuits.

The possibility that similar network out-
put may result from substantially different 
underlying mechanisms, which in turn could 
arise from activity-dependent and other tun-
ing mechanisms, immediately gives rise to 
a number of questions. Although there are 
numerous indications in both the experi-
mental and theoretical literature that intrinsic membrane cur-
rents7,8,21,26–31 and synaptic strengths32–36 may be homeostatically 
regulated, the regulatory processes observed in those studies are 
thought to occur at the level of a single neuron or synapse. In con-
trast, our study suggests that network performance, not individual 
neuronal activity or synaptic strength, might be the regulated prop-
erty. For an animal, it is presumably far more important that its 
behavior be appropriately regulated than that any given intrinsic or 
synaptic parameter have a specific value. But if network performance 
is the locus of homeostatic and developmental regulation, this raises 
a series of questions: (i) Can stable network performance arise from 
local stability rules that set the properties of single-neuron excit-
ability and/or synaptic strength? (ii) If local rules are not sufficient 
to maintain stable network output, are there monitors of network 
performance, such as sensory feedback from the target muscles, that 
are used developmentally to tune network output?

Comparison of the pyloric model networks to biological data
The main purpose of the simulations described here was to determine 
how tightly network parameters need to be regulated to produce a 
functional network output, not to study the pyloric network per se. 
However, the fact that the pyloric circuit has been well characterized 
experimentally allowed us to use experimental data to validate the 
pyloric model networks. Several properties of the model networks 
fit well with past experimental results. One is the relative strengths of 
the fast and slow synaptic connections from the AB/PD pacemaker 
to the LP and PY follower neurons. In pyloric model networks, the 
faster glutamatergic synapse to PY is equally likely to have any of 
the six maximal conductances tested in the database, whereas the 
slower cholinergic synapse from the AB/PD neuron to the PY neu-
ron has a strong preference for high conductances (Fig. 6c, top row). 
In contrast, the connection from the AB/PD pacemaker neuron to 
the LP neuron tends to consist of a strong fast synapse and a weak 
slow synapse. These findings reproduce experimental results that 
suggest a strong glutamatergic and weak cholinergic synapse from 

AB/PD to LP, and vice versa for the AB/PD-to-PY connection14,15. This 
configuration of relative strengths of the fast and slow synapses from 
the pacemaker favors the pyloric burst order AB/PD-LP-PY because it 
allows LP to rebound faster than PY after inhibition from AB/PD.

The synapse from PY to LP is another example of agreement 
between the model-network outputs and experimental data. This 
synapse tends to be strong in the model pyloric networks (Fig. 6c, far 
right), consistent with the finding that this synapse is relatively strong 
in the biological pyloric circuit19.

Some model pyloric networks contained synapses that had zero 
strength; these synapses may therefore appear to be redundant. 
However, seemingly redundant synapses in the pyloric circuit have 
been shown to stabilize periodic rhythm generation despite chaotic 
behavior of the neurons when isolated from the circuit. This is because 
an open network topology—in which at least one neuron receives no 
input from any of the other neurons—can generate a periodic rhythm 
only if none of the neurons in the circuit is chaotic37. The component 
neurons used here were all periodic in isolation, but it is conceivable 
that some of the open network configurations that generated pyloric 
rhythms in our simulations would not have done so if we had included 
chaotic neurons in our model-neuron pools.

Global implications
Although the pyloric rhythm of the crustacean stomatogastric nervous 
system was the specific example used here, we draw a general con-
clusion: that even tightly regulated network behavior can result from 
widely disparate sets of parameters in the processes that give rise to this 
behavior. This conclusion is relevant not only to the nervous system, 
but also to biochemical and signaling networks38–42, as parallel and 
interacting pathways also occur in these networks. It may be possible for 
any given network parameter to be highly variable in different cells or 
in different individuals, as long as an appropriate set of compensating 
changes has occurred. The challenge for future work will be to uncover 
not only the structure of the networks, but how a target level of network 
performance is encoded and maintained.

Figure 5  Similar model-network activity from 
different network properties. (a,b) Voltage traces 
from two model pyloric networks. Scale bars, 
0 .5 s and 50 mV. (c) Selected membrane 
conductances (top) and synaptic conductances 
of the model network shown in a. (d) Selected 
membrane conductances (top) and synaptic 
conductances of the model network shown in b. 
The two networks generated very similar activity 
in spite of widely differing cellular and synaptic 
properties.
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neuron, but the fast glutamatergic and slow cholinergic synapses 
from the AB and PD neurons were simulated separately. All the PY 
neurons were represented by one model neuron. The individual 
neuron models had eight membrane conductances (see below) and 
were complex enough to realistically mimic the dynamics of STG 
neurons3,4. For this work, two other cell types, the ventricular dilator 
(VD) and inferior cardiac (IC) were not included. These simplifica-
tions, along with our use of single-compartment model neurons and 
simple synaptic dynamics, mean that the model networks studied 
here are best thought of as semi-realistic models of the biological 
pyloric circuit that allow us to examine the larger issue of how critical 
synapse strength is to network dynamics.

The general strategy we employed was to generate a database of more 
than 20 million model pyloric circuits by (i) independently varying the 
strengths of the seven synapses in the pyloric circuit model (Fig. 1) and 
(ii) using five or six different versions of each of the neurons in the circuit. 
Each synapse had one of five or six different strengths: 0 nS, 3 nS, 10 nS, 
30 nS, 100 nS and, for synapses onto PY, 1 nS. These cover the entire 
functionally relevant range of synaptic conductances, from no impact 
on the postsynaptic cell (0 nS) to 100 nS, which is sufficiently large to 
effectively clamp the postsynaptic neuron to the synaptic reversal poten-
tial for the duration of the synaptic input. To ensure that our conclusions 
did not result from idiosyncratic properties of any of the model neurons 
we chose, we used five model AB/PD and LP neurons and six model 
PY neurons. These model neurons showed activity consistent with the 
range of behaviors recorded experimentally in these types of neurons 
when isolated from synaptic inputs from other pyloric network neu-
rons. The model neurons were selected from a previously constructed 
database of almost 1.7 million model neurons with different combina-
tions of maximal conductances for the currents found in STG neurons4. 
All combinations of synaptic strengths and model neurons were then 
simulated, resulting in 56 × 64 = 20,250,000 model circuits with different 
combinations of synaptic strengths and intrinsic properties.

Properties of the model neurons
The AB/PD model neurons were all intrinsically bursting, and the LP 
and PY neurons were selected to display ranges of spontaneous activity 
and postinhibitory rebound (see Methods). One such model neuron, 
LP #2 (Fig. 2), fired tonically in the absence of input. As the strength of 
the inhibition from AB/PD #3 was increased, it became strong enough 
to silence LP #2, which then fired on rebound from the inhibition. In 
response to strong inhibition, the strong rebound burst self-terminated 
before the next cycle of inhibition. In contrast, LP #5, which was also 

tonically active in isolation, generated a rebound burst that continued 
until the start of the next cycle of inhibition.

The responses of two of the PY model neurons to the fast synapse 
from the AB/PD #3 model neuron are shown (Fig. 2c,d). PY #4 was ton-
ically active before inhibition, whereas PY #3 was bistable. It was silent 
before inhibition, but fired indefinitely as a consequence of rebound 
from the inhibition.

Different types of network output
We first simulated the behavior of 20,250,000 model networks from 
all of the combinations of neurons and synaptic strengths previously 
described. We then sorted the resulting network output patterns accord-
ing to their behaviors (Fig. 3). Failure to generate a network output that 
resembled the crustacean triphasic pyloric rhythm took many forms. We 
observed rhythms in which one or several cells were silent or fired toni-
cally (Fig. 3a,f), bursted irregularly (Fig. 3b,g) or failed to burst in every 
cycle of the rhythm (Fig. 3c,h). Some networks generated a triphasic 
rhythm, but the LP and PY burst order was reversed (Fig. 3d,i).
In some cases the underlying synapse strengths provided a straight-

forward explanation for the network output. For example, the networks 
in Figure 3d,i had a weak glutamatergic connection from the pacemaker 
kernel AB/PD to LP and a weak cholinergic connection from AB/PD to 
PY, but had a strong cholinergic connection from AB/PD to LP and a 
fairly strong glutamatergic connection from AB/PD to PY. Because the 
cholinergic synapses are slower than the glutamatergic synapses, this 
constellation favors a rebound burst in PY before the rebound burst 
in LP and thus explains the AB/PD-PY-LP burst order of the rhythms 
generated by the two networks.
In contrast, the cellular and synaptic properties of many of the other 

networks provided no immediately obvious explanation for the net-
work behavior. Networks illustrated in Figure 3f–j, for example, all have 
the same synaptic strengths but generate very different rhythms because 
of the different intrinsic properties of the neurons.

Pyloric-like rhythms
To determine how many of the networks in the database could gener-
ate a triphasic rhythmic output with the same burst sequence as the 
biological pyloric rhythm, we identified the start times (peak time of 
first spike) and end times (peak time of last spike) of all bursts in the 
output of networks in which all three neurons were bursting periodi-
cally. Based on these data, we classified rhythms as ‘pyloric-like’ if they 
met the following criteria: in every cycle (defined as the period between 
one AB/PD burst start and the next), the LP burst began before the start 
of the PY burst and finished before the end of the PY burst; and the 
AB/PD burst finished before the start of the LP burst, creating a gap in 
firing activity (Fig. 3e,j).

Out of the 20,250,000 networks in the database, 4,047,375 (or 20%) 
were pyloric-like by these criteria. The networks that generated pyloric-
like rhythms were distributed over the full range of sampled synapse 
strengths for every synapse in the circuit, covering two orders of mag-
nitude of synaptic conductance. Similarly, every one of the 52 × 6 = 150 
possible combinations of cells was represented in the pyloric-like net-
works, indicating that functional network output can be generated by a 
wide variety of combinations of synaptic and cellular properties.

Pyloric rhythms
Given that pyloric-like rhythms can be generated by such a wide variety 
of parameter combinations, we asked whether narrower criteria for 
the network output would restrict the viable parameter combinations 
to narrower ranges and thus result in a far smaller number of possible 
network architectures. To define a physiologically meaningful set of 

AB/PD

PY

PD

LP

LP

PY Fast glutamatergic
Slow cholinergic

a b

Figure 1  Biological pyloric rhythm and pyloric circuit architecture. 
(a) Pyloric rhythm recorded from H . americanus with intracellular 
electrodes. Scale bars, 1 s and 10 mV; horizontal lines, –60 mV. 
(b) Schematic of a simplified version of underlying circuit. Under control 
conditions, the pyloric network generates a triphasic rhythm with bursts 
occurring in the order PD-LP-PY. All synapses in circuit are inhibitory.
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Why do we need axons and dendrites?





   Wiring Optimization of Neural Circuit

“After the many shapes assumed by neurons, we are now in a position to ask whether this 
diversity ... has been left to chance and is insignificant, or whether it is tightly regulated and 
provides an advantage to the organism. ... we realized that all of the various conformations 
of the neuron and its various components are simply morphological adaptations governed by 
laws of conservation for time, space, and material.”

Ramon y Cajal
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Figure 2. Design I: Point-to-Point Axons

Neuronal network containing N neurons (green spheres) with all-to-
all connectivity implemented by point-to-point axons (design I). ForFigure 1. Reconstruction of a Pyramidal Neuron from Rat Neocortex
the sake of illustration, only axons belonging to one neuron areAxons are shown in blue, dendrites and cell body are shown in red.
shown (blue lines originating from the gray sphere). The rest of theSpines are small protrusions on the dendrites shown in the inset.
axons fill up the space between the neurons and determine theImage is courtesy of G. Shepherd, Jr. and K. Svoboda; inset is
volume of the network, R3.courtesy of A. Holtmaat and K. Svoboda.

R3 ! Nld2. (2)connection onto every other neuron, or, in other words,
network connectivity is all-to-all. This seemingly drastic

Substituting Equation 1 into Equation 2 gives the net-assumption is justified below by using the concept of
work volumepotential synapse. The minimal volume of the all-to-all

connected network is calculated in terms of the number R3 ! d3N3. (3)
of neurons, N, and the wire diameter, d. The network

Although this estimate works well for the global corticalvolume depends on the chosen wiring design. I start
network as a whole (see Appendix), it fails completelywith the simplest possible wiring design, nonbranching
for a network of neurons within the cortical column.(or point-to-point) axons, and show that it occupies a
Initially, I compare theoretical predictions with data fromprohibitively large volume. This means that evolution
mouse neocortex because of their relatively high quality,had to solve a difficult wiring problem. Adding features
leaving interspecies comparison to the section on Com-of neuronal morphology, such as branching axons,
parison with Experiment. One cubic millimeter of mousebranching dendrites, and dendritic spines, reduces the
neocortex contains N ! 105 neurons (Braitenberg andsize of the network, implying that neuronal morphology
Schüz, 1998). Intracortical axons have an average diam-makes wiring more efficient. Moreover, only the final
eter d ! 0.3 "m (Braitenberg and Schüz, 1998). Substitu-wiring design, including all the salient morphology fea-
tion of these numbers into Equation 3 yields a columntures, yields the correct size of the cortical column.
volume 30,000 times greater than in reality (R ! 3 cmTherefore, if one assumes that cortical function requires
versus actual size of 1 mm). This result shows that point-high (potential) interconnectivity in a small volume, one
to-point axons are insufficient to wire up the all-to-allneed not look further to find a reason for the existence
connected network in the allotted volume.and total length of axons and spiny dendrites.

What is missing here? One answer is that the cortical
column is not an all-to-all connected network, but thisResults
is only a partial explanation. First, even including the
observed connectivity sparseness of 0.01–0.1 (Holm-Design I: Point-to-Point Axons
gren et al., 2003; Markram et al., 1997; Mason et al.,In the simplest wiring design, a synaptic connection
1991; Sjöström et al., 2001; Thomson and Deuchars,between any pair of neurons requires a dedicated axon,
1997), this reduces the network size only to 3–10 mm,which I call a point-to-point axon (Figure 2). The total
still significantly greater than the actual size of 1 mm.volume of the network can be readily found by using a
Second, as argued in the section on Comparison withscaling estimate. In such an estimate, numerical coeffi-
Experiment, the functionality of the neuronal networkcients of order one are ignored and the results apply
may be specified by potential synaptic connectivity bet-when the number of neurons is large. The average length
ter than by actual synaptic connectivity (Stepanyants etof each axon scales with the linear dimension of the
al., 2002). In turn, the potential connectivity in the corticalnetwork, R, e.g., with the width or height of a cubic
column is close to all-to-all (A.B. Stepanyants et al.,volume. Each neuron has to send such an axon to every
2003, Soc. Neurosci., abstract). Therefore, to accountother neuron, meaning that there are N axons per neu-
for the cortical column size, I need to explore moreron. Therefore, the wiring length per neuron, l, is given by
sophisticated wiring designs.

l ! NR. (1)

Since the brain consists mostly of wiring (about 60% Design II: Branching Axons
One redundancy in design I is that the same signal isof the gray matter [Braitenberg and Schüz, 1998]), the

neuronal network volume can be estimated via the wiring carried from a given neuron along many point-to-point
axons that run almost parallel to each other (Figure 2).volume. Assuming a fixed axon diameter, d, the wiring

volume is given by Introducing axons that synapse on multiple neurons can



Structural Plasticity of Synaptic Connectivity
Neuron
276

Figure 2. Geometry of Synaptic Connectivity for Random Orienta-
tion of Axons

The cylinder around the dendrite indicates the space within spines’
reach. Its radius is defined by spine length, as measured from the
dendritic axis. Intrinsic and extrinsic projections are shown in gray
and black, respectively.

whereas low filling fraction implies a high plasticity po-
tential.Figure 1. Structural Plasticity of Synaptic Connectivity Patterns

(A) Light microscopy image of a typical spiny dendrite.
Results(B) Schematic drawing showing the dendrite in (A) together with

nearby axons in one possible scenario. In this scenario, spine re-
modeling cannot contribute to circuit reorganization because all Expression for the Number of Potential Synapses
axons within the spine length of a dendrite are taken. To estimate the number of potential synapses on a den-
(C) The same dendrite in another scenario, where spine remodeling

drite, we calculate the number of axons that coursecan contribute to circuit reorganization. Actual dendritic spines
within a spine’s length of the dendrite. We follow the(solid gray) form actual synapses. Potential synapses include both
suggestion of Swindale (1981), and imagine a cylinderactual synapses and possible spine locations (dashed contours).

(D) Another possible synaptic connectivity pattern attainable from centered on the dendritic axis, with its radius equal to
(C) by spine remodeling. Our calculations show that the real brain the spine length (as measured from the dendritic axis
is more like scenario (C) rather than scenario (B). The total number to the tip of the spine, Figure 2). Then, all of those axons
of different available synaptic connectivity patterns characterizes

(and only those) that intersect the cylinder may form athe plasticity potential and gives the upper bound for the memory
synapse with the dendrite. Therefore, we need to calcu-capacity associated with spine remodeling.
late the number of axons intersecting this cylinder. Be-
low we present our calculations for three situations of

allows us to estimate the number of potential synapses sequentially increasing realism and complexity.
from the values of dendritic length per neuron, spine First, consider a simplified situation where all axons
length, interbouton interval, and of synaptic density. Us- course in the same direction, which is perpendicular
ing this estimate, we calculate the number of different to the axis of the cylinder (Figure 3). Then, imagine a
patterns of connectivity and the memory capacity asso- rectangular box with dimensions of axonal length per
ciated with them. neuron, La (parallel to the axons), dendritic length per

Our results can be concisely expressed in terms of a neuron, Ld (parallel to the dendrite), and two spine
single parameter: the filling fraction, ƒ, given by the ratio lengths, 2s. All of those neurons (and only those), whose
of actual to potential synapses. The filling fraction char- somata centers are located within the box, have axons
acterizes the potential for altering neuronal circuits intersecting the cylinder. Therefore, the number of eligi-
through formation and elimination of dendritic spines. ble axons, and, hence, the number of potential synapses
High filling fraction implies little plasticity potential per neuron, NP, is given by the product of the box volume

and the neuronal density, n:

NP ! 2sLd La n (1)Table 1. The Number of Different Synaptic Connectivity Patterns

Number of Potential Filling Fraction, Number of Patterns, Second, consider a more realistic situation where local
Synapses, NP ƒ ! N/NP CN

NP axons travel in different directions (Figure 2). Assuming
that axonal directions are distributed isotropically rela-3 1 1

4 0.75 4 tive to the dendrite, we can average over possible direc-
5 0.6 10 tions to find the total number of axons intersecting the
7 0.43 35 cylinder and hence, the number of potential synapses

10 0.3 120 (see Experimental Procedures):
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2
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d
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s: spine length
Ld: total dendritic length per neuron
b: inter-bouton distance
n: neuronal density 

filling fraction = 3/7
Stepanyants et. al., Neuron 2001
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Supplementary Information). The general appearance of these
reconstructed dendrites (Fig. 3E), characterized by a relatively
high proportion of shaft synapses and low spine densities, is
consistent with previous work on layer 1 (ref. 28). One region of
dendrite (length 29 mm) contained 22 synapses (18 asymmetric, 4
symmetric) (Fig. 3E) and two spines that had been observed to
appear between the last two imaging sessions (days 7 and 8) (boxed

regions in Fig. 3D and E). The second region (not shown; length
21 mm) contained 17 synapses (14 asymmetric and 3 symmetric)
and two spines that appeared between the last two imaging sessions.
In total, 18 spines were reconstructed, 4 of which were new spines
(less than 1 day old). Comparing SSEM reconstructions with the
in vivo images showed that two new spines contained clear synapses
(Fig. 3F and G). These spines contacted presynaptic boutons and

Figure 1 Chronic time-lapse imaging of dendritic spines in the barrel cortex in vivo.
a, Diagram of the barrel cortex and its topographic structure (boxed region, right). b, Low-
magnification dorsal view of the apical dendrites of three layer-5 pyramidal neurons. Scale

bar, 100mm. c, Higher-magnification view of one apical tuft (yellow box in b). Scale bar,
50 mm. d, Neuron reconstructed from images of fixed sections obtained after collection of

the last vital image (same neuron as in c). e, Dorsal view of the reconstructed apical tuft,

depicting the positions of each dendritic branch relative to the barrel map. f, High-
resolution time-lapse images of a dendritic region (yellow box in c). Examples of transient,
semi-stable and stable spines are labelled with blue, red and yellow arrowheads,

respectively. Scale bar, 5 mm.

Figure 2 Dendritic branches are stable over weeks. a, Dorsal view of an apical tuft at imaging day 16; 26 branch tips are labelled for reference. b, Imaging day 32. c, Overlay (day 16,
red; day 32, green). Scale bar, 100mm.
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Figure 2. Design I: Point-to-Point Axons

Neuronal network containing N neurons (green spheres) with all-to-
all connectivity implemented by point-to-point axons (design I). ForFigure 1. Reconstruction of a Pyramidal Neuron from Rat Neocortex
the sake of illustration, only axons belonging to one neuron areAxons are shown in blue, dendrites and cell body are shown in red.
shown (blue lines originating from the gray sphere). The rest of theSpines are small protrusions on the dendrites shown in the inset.
axons fill up the space between the neurons and determine theImage is courtesy of G. Shepherd, Jr. and K. Svoboda; inset is
volume of the network, R3.courtesy of A. Holtmaat and K. Svoboda.

R3 ! Nld2. (2)connection onto every other neuron, or, in other words,
network connectivity is all-to-all. This seemingly drastic

Substituting Equation 1 into Equation 2 gives the net-assumption is justified below by using the concept of
work volumepotential synapse. The minimal volume of the all-to-all

connected network is calculated in terms of the number R3 ! d3N3. (3)
of neurons, N, and the wire diameter, d. The network

Although this estimate works well for the global corticalvolume depends on the chosen wiring design. I start
network as a whole (see Appendix), it fails completelywith the simplest possible wiring design, nonbranching
for a network of neurons within the cortical column.(or point-to-point) axons, and show that it occupies a
Initially, I compare theoretical predictions with data fromprohibitively large volume. This means that evolution
mouse neocortex because of their relatively high quality,had to solve a difficult wiring problem. Adding features
leaving interspecies comparison to the section on Com-of neuronal morphology, such as branching axons,
parison with Experiment. One cubic millimeter of mousebranching dendrites, and dendritic spines, reduces the
neocortex contains N ! 105 neurons (Braitenberg andsize of the network, implying that neuronal morphology
Schüz, 1998). Intracortical axons have an average diam-makes wiring more efficient. Moreover, only the final
eter d ! 0.3 "m (Braitenberg and Schüz, 1998). Substitu-wiring design, including all the salient morphology fea-
tion of these numbers into Equation 3 yields a columntures, yields the correct size of the cortical column.
volume 30,000 times greater than in reality (R ! 3 cmTherefore, if one assumes that cortical function requires
versus actual size of 1 mm). This result shows that point-high (potential) interconnectivity in a small volume, one
to-point axons are insufficient to wire up the all-to-allneed not look further to find a reason for the existence
connected network in the allotted volume.and total length of axons and spiny dendrites.

What is missing here? One answer is that the cortical
column is not an all-to-all connected network, but thisResults
is only a partial explanation. First, even including the
observed connectivity sparseness of 0.01–0.1 (Holm-Design I: Point-to-Point Axons
gren et al., 2003; Markram et al., 1997; Mason et al.,In the simplest wiring design, a synaptic connection
1991; Sjöström et al., 2001; Thomson and Deuchars,between any pair of neurons requires a dedicated axon,
1997), this reduces the network size only to 3–10 mm,which I call a point-to-point axon (Figure 2). The total
still significantly greater than the actual size of 1 mm.volume of the network can be readily found by using a
Second, as argued in the section on Comparison withscaling estimate. In such an estimate, numerical coeffi-
Experiment, the functionality of the neuronal networkcients of order one are ignored and the results apply
may be specified by potential synaptic connectivity bet-when the number of neurons is large. The average length
ter than by actual synaptic connectivity (Stepanyants etof each axon scales with the linear dimension of the
al., 2002). In turn, the potential connectivity in the corticalnetwork, R, e.g., with the width or height of a cubic
column is close to all-to-all (A.B. Stepanyants et al.,volume. Each neuron has to send such an axon to every
2003, Soc. Neurosci., abstract). Therefore, to accountother neuron, meaning that there are N axons per neu-
for the cortical column size, I need to explore moreron. Therefore, the wiring length per neuron, l, is given by
sophisticated wiring designs.

l ! NR. (1)

Since the brain consists mostly of wiring (about 60% Design II: Branching Axons
One redundancy in design I is that the same signal isof the gray matter [Braitenberg and Schüz, 1998]), the

neuronal network volume can be estimated via the wiring carried from a given neuron along many point-to-point
axons that run almost parallel to each other (Figure 2).volume. Assuming a fixed axon diameter, d, the wiring

volume is given by Introducing axons that synapse on multiple neurons can

Design I
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Figure 3. Design II: Branching Axons Figure 4. Design III: Branching Axons and Dendrites
Neuronal network wired up with branching axons (design II). Only Neuronal network wired up with branching axons and dendrites
the axonal arbor (blue lines), belonging to one neuron (gray sphere), (design III). Only the axon (blue) belonging to one neuron (gray
is shown. The rest of the axons fill up the space between the neurons sphere in the center) and the dendrite (red) belonging to another
and determine the network volume. The volume of the branching (gray sphere in the corner) are shown. The rest of the axons and
axons network (design II) is smaller than that with the point-to-point dendrites fill up the space between the neurons and determine the
axons (design I). network size. Axons and dendrites form three-dimensional meshes

that make contact with each other in the neuropil. The total network
volume (design III) is smaller than that of the axons-only network
(design II).rectify such redundancy (Cherniak et al., 1999; Mitchi-

son, 1991, 1992; Murre and Sturdy, 1995). Multiple syn-
apse axons can make synapses along the way (en pas-

eter d ! 0.3 "m (Braitenberg and Schüz, 1998) intosant) and/or by adding branches (Figure 3). Both of these
Equation 5 yields cortical column volume 90 timespossibilities are encountered in cortical neurons (Brai-
greater than in reality (R ! 4.4 mm versus actual columntenberg and Schüz, 1998). Since each en passant syn-
size of 1 mm). This mismatch is primarily due to theapse may be viewed as a zero-length branch, in this
existence of dendrites, which further reduce the networkpaper, no distinction is made between these possibili-
size, as I argue next.ties, and design II is referred to as branching axons.

Next, I calculate the volume of a neuronal network
Design III: Branching Axons and Dendriteswired with branching axons (Figure 3). The axonal length
A shortcoming of the axons-only network is that eachper neuron is given approximately by the number of
axon has to make its way to every cell body. Since allneurons, N, times the typical interneuron distance. In
the signals received by a neuron are merged in the cellturn, the interneuron distance can be estimated under
body, the same functionality can be achieved by a singlethe assumption of the uniform spatial distribution (ap-
process reaching out in the direction of axons and meet-propriate for cell bodies in the gray matter [Braitenberg
ing them halfway (Chklovskii, 2000b). This process con-and Schüz, 1998]) to be R/N1/3. Then, the wiring length
ducts signals from the synapses to the cell body and,per neuron is
hence, should be called a dendrite (Ramón y Cajal,

l ! N2/3R. (4) 1899). Because a single dendrite takes up less volume
than the many converging axons, this solution is more

Substituting Equation 4 into Equation 2 gives the volume efficient. In reality, axons converge on a cell body from
of the network various directions, requiring several dendritic branches.

Yet, in the limit of large convergence, adding dendritesR3 ! d3N5/2. (5)
to the wiring design lowers the wiring cost (Chklovskii,
2000b). This argument is consistent with correlationsThis result was previously obtained by Murre and Sturdy

(1995) and shows that the volume of the network with between convergence and dendritic complexity ob-
served in ciliary ganglion (Purves and Hume, 1981;branching axons scales with the smaller power of N

than that for the point-to-point axons, Equation 3. This Purves and Lichtman, 1985; Purves et al., 1986) as well
as the dimensions of dendrites and axons in the retina,implies that, in the limit of a large number of neurons,

implementing a network with branching axons reduces cerebellum, and the olfactory bulb (Chklovskii, 2000b).
Below, I show that adding dendrites to the all-to-allthe network volume. For example, the cortical column

containing 105 neurons would increase 300-fold (or al- connected network, which possesses both high conver-
gence and divergence, also improves the wiring effi-most 7-fold in linear size) if point-to-point axons were

used instead of branching axons. Of course, there may ciency.
In the all-to-all connected network, convergence andbe other constraints on the wiring design. For example,

the network of cortical columns, discussed in the Ap- divergence are equal, suggesting a symmetry between
axons and dendrites. This leads me to consider axonspendix, cannot utilize the branching axon design be-

cause each axon from a given cortical column belongs and dendrites built to the same design: a 3D mesh of
wires with the constant caliber d uniformly spanning theto a different neuron, and, most likely, carries a different

signal, appropriate only for the target column. However, volume of the network (Figure 4) (for axons and dendrites
of different diameters, see below). The mesh size (diam-other things being equal, evolution should prefer branch-

ing axons to point-to-point ones. eter of the holes in the mesh) is uniquely related to the
axonal (or dendritic) length. In turn, the axonal lengthAlthough advantageous, wiring up a network with

branching axons does not account fully for the cortical follows from the condition that an axonal arbor must
make contact with every dendritic arbor. In order tocolumn size. Substitution of the intracortical axon diam-
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Figure 3. Design II: Branching Axons Figure 4. Design III: Branching Axons and Dendrites
Neuronal network wired up with branching axons (design II). Only Neuronal network wired up with branching axons and dendrites
the axonal arbor (blue lines), belonging to one neuron (gray sphere), (design III). Only the axon (blue) belonging to one neuron (gray
is shown. The rest of the axons fill up the space between the neurons sphere in the center) and the dendrite (red) belonging to another
and determine the network volume. The volume of the branching (gray sphere in the corner) are shown. The rest of the axons and
axons network (design II) is smaller than that with the point-to-point dendrites fill up the space between the neurons and determine the
axons (design I). network size. Axons and dendrites form three-dimensional meshes

that make contact with each other in the neuropil. The total network
volume (design III) is smaller than that of the axons-only network
(design II).rectify such redundancy (Cherniak et al., 1999; Mitchi-

son, 1991, 1992; Murre and Sturdy, 1995). Multiple syn-
apse axons can make synapses along the way (en pas-

eter d ! 0.3 "m (Braitenberg and Schüz, 1998) intosant) and/or by adding branches (Figure 3). Both of these
Equation 5 yields cortical column volume 90 timespossibilities are encountered in cortical neurons (Brai-
greater than in reality (R ! 4.4 mm versus actual columntenberg and Schüz, 1998). Since each en passant syn-
size of 1 mm). This mismatch is primarily due to theapse may be viewed as a zero-length branch, in this
existence of dendrites, which further reduce the networkpaper, no distinction is made between these possibili-
size, as I argue next.ties, and design II is referred to as branching axons.

Next, I calculate the volume of a neuronal network
Design III: Branching Axons and Dendriteswired with branching axons (Figure 3). The axonal length
A shortcoming of the axons-only network is that eachper neuron is given approximately by the number of
axon has to make its way to every cell body. Since allneurons, N, times the typical interneuron distance. In
the signals received by a neuron are merged in the cellturn, the interneuron distance can be estimated under
body, the same functionality can be achieved by a singlethe assumption of the uniform spatial distribution (ap-
process reaching out in the direction of axons and meet-propriate for cell bodies in the gray matter [Braitenberg
ing them halfway (Chklovskii, 2000b). This process con-and Schüz, 1998]) to be R/N1/3. Then, the wiring length
ducts signals from the synapses to the cell body and,per neuron is
hence, should be called a dendrite (Ramón y Cajal,

l ! N2/3R. (4) 1899). Because a single dendrite takes up less volume
than the many converging axons, this solution is more

Substituting Equation 4 into Equation 2 gives the volume efficient. In reality, axons converge on a cell body from
of the network various directions, requiring several dendritic branches.

Yet, in the limit of large convergence, adding dendritesR3 ! d3N5/2. (5)
to the wiring design lowers the wiring cost (Chklovskii,
2000b). This argument is consistent with correlationsThis result was previously obtained by Murre and Sturdy

(1995) and shows that the volume of the network with between convergence and dendritic complexity ob-
served in ciliary ganglion (Purves and Hume, 1981;branching axons scales with the smaller power of N

than that for the point-to-point axons, Equation 3. This Purves and Lichtman, 1985; Purves et al., 1986) as well
as the dimensions of dendrites and axons in the retina,implies that, in the limit of a large number of neurons,

implementing a network with branching axons reduces cerebellum, and the olfactory bulb (Chklovskii, 2000b).
Below, I show that adding dendrites to the all-to-allthe network volume. For example, the cortical column

containing 105 neurons would increase 300-fold (or al- connected network, which possesses both high conver-
gence and divergence, also improves the wiring effi-most 7-fold in linear size) if point-to-point axons were

used instead of branching axons. Of course, there may ciency.
In the all-to-all connected network, convergence andbe other constraints on the wiring design. For example,

the network of cortical columns, discussed in the Ap- divergence are equal, suggesting a symmetry between
axons and dendrites. This leads me to consider axonspendix, cannot utilize the branching axon design be-

cause each axon from a given cortical column belongs and dendrites built to the same design: a 3D mesh of
wires with the constant caliber d uniformly spanning theto a different neuron, and, most likely, carries a different

signal, appropriate only for the target column. However, volume of the network (Figure 4) (for axons and dendrites
of different diameters, see below). The mesh size (diam-other things being equal, evolution should prefer branch-

ing axons to point-to-point ones. eter of the holes in the mesh) is uniquely related to the
axonal (or dendritic) length. In turn, the axonal lengthAlthough advantageous, wiring up a network with

branching axons does not account fully for the cortical follows from the condition that an axonal arbor must
make contact with every dendritic arbor. In order tocolumn size. Substitution of the intracortical axon diam-



   A toy problem: why do we need axons and dendrites?

Design IV

Neuron
612

calculate axonal length, an expression for the number
of contacts is derived and set to one. The derivation
neglects the topology of the arbors and correlations in
the locations of branch segments (Stepanyants et al.,
2002). First, the total volume, R3, is divided into cubes
of volume, d3, i.e., into R3/d3 voxels. Then, the number
of contacts between an axon and a dendrite is given by
the number of voxels that contain them both. Each axon
occupies l/d voxels, the same number as a dendrite. Figure 5. Design IV: Branching Axons and Spiny Dendrites
The fraction of voxels containing the axon is (l/d )/(R3/d3), Dendritic spines (red mushroom-like object) can implement a syn-
the same as the fraction containing the dendrite. Then, apse between a dendrite (red cylinder) and an axon (blue) that pass
the fraction of voxels containing both the axon and the within the distance, s, of each other. Addition of spines increases

the reach of the dendrites and reduces the network size (design IV)dendrite is the product of the two fractions, l2d4/R6. By
relative to the smooth dendrite network (design III).multiplying this fraction by the total number of voxels,

I find the number of voxels containing axon and dendrite,
l2d/R3. Then, the condition for having one contact is
given by (Stepanyants et al., 2002) R3 !

d4

s
N 2. (9)

l2d/R3 ! 1. (6)
Equation 9 shows that adding dendritic spines to the

Combining Equations 6 and 2 and excluding l gives the wiring design III, Equation 7, reduces the prefactor and,
following estimate for the volume of the network with hence, the network volume. Assuming that the spine
branching axons and dendrites: length s ! 2.5 "m (Spacek and Hartmann, 1983) and

accounting for the difference in axon and dendrite cali-R3 ! d3N2. (7)
bers (see below), I get the cortical column size, R !
0.7 mm. This is reasonably close to the actual size con-This result shows that adding branching dendrites (de-
sidering that wiring takes up about 60% of the 1 mm3sign III) to the axons-only network (design II) reduces
cortical volume. Although neat, this agreement shouldthe scaling exponent, implying that, in the limit of large
not be overinterpreted. Scaling estimates presentedN, this reduces the network volume. Substitution of the
here do not include numerical coefficients and are cor-axonal diameter, d ! 0.3 "m (Braitenberg and Schüz,
rect only by order of magnitude. Yet, I can still argue1998), and N ! 105 into Equation 7 yields a cortical
that the existing cortical column cannot be wired incolumn size of R ! 0.7 mm, which is smaller than for
the allotted volume if any of the salient morphologicalthe axons-only network and close to actual size. This
features are missing. For example, Equation 9 showsestimate is not right, however, because it ignores the
that elimination of spines from the actual cortical columnfact that the dendritic diameter, dd ! 0.9 "m (Braitenberg
would increase its volume several-fold. Finally, an effectand Schüz, 1998), is greater than axonal, da ! 0.3 "m
similar to adding dendritic spine might be achieved by(Braitenberg and Schüz, 1998). Combining axons and
positioning synaptic boutons on short axonal branches,dendrites with correct diameters yields an estimate for
i.e., terminaux boutons.the column size R ! 1.6 mm, which is still greater (four

times by volume) than the actual size.
Proof of Design OptimalityDesign III can be improved by the addition of dendritic
Can the network volume of design IV be reduced further?spines, which expand the reach of the dendrites without
Not by order of magnitude. To demonstrate this, I esti-increasing their length (Sorra and Harris, 2000; Stepan-
mate the minimum wire length, which determines theyants et al., 2002; Swindale, 1981). Although this does
network volume if the wire diameter is fixed. Each den-not affect the scaling exponent in Equation 7, the prefac-
drite has to be long enough for N axons to pass withintor is reduced. Then, dendritic spines reduce the size
distance s from it (Figure 6). Because of volume exclu-of the network and bring the size estimate in agreement
sion, the number of axons that can synapse on a den-with reality, as shown next.
drite is given by the cross-sectional area of dendritic
arbor (from the point of view of axon), ls, times theDesign IV: Branching Axons and Spiny Dendrites
maximum flux density of axons, 1/d2:Adding dendritic spines reduces the size of the branching

axon and dendrite network (design III) because axons
N !

ls
d2

. (10)and dendritic shafts do not have to touch in order to
make a synapse, but can pass within the spine length,
s, of each other (Figure 5; Sorra and Harris, 2000; Stepa- Then the minimum dendritic length is given by
nyants et al., 2002; Swindale, 1981). Then, the condition
on the existence of a synapse between an axon and a l ! N

d2

s
. (11)

dendrite, Equation 6, is replaced by (Stepanyants et
al., 2002) This is the same expression as one gets for design IV

by combining Equations 2 and 9. This proves that inl2s/R3 ! 1. (8)
design IV the dendrite volume and, by symmetry, the
axon volume, are the smallest possible for an all-to-allCombining Equations 2 and 8, I find that the network

volume scales with the neuron number as connected network with N neurons. Therefore, design
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ld ! N
d2

a

s
. (13)

Substituting these expressions into Equation 2 yields
the following estimate for the network volume:

R3 ! N 2 d2
ad2

d

s
. (14)

This expression shows that when axons and dendrites
have different diameters, Equation 9 contains their geo-
metric mean. In addition, Equation 14 shows that axons
and dendrites occupy approximately equal volume, a
result consistent with anatomical data (Braitenberg andFigure 6. Cross-Section of a Dendrite with Adjacent Axons
Schüz, 1998; Chklovskii et al., 2002; Nafstad and Black-Dendrites must be sufficiently long to ensure that every presynaptic
stad, 1966; Stepanyants et al., 2002).axon can synapse with them. Because of volume exclusion among

axons, the maximum number of available presynaptic axons, N, is
given by the dendritic length, l, times the spine length, s, divided Comparison with Experiment
by the axon diameter, d, squared. Dendritic length estimated this Equations 12 and 13 predict axonal and dendritic length,
way coincides with that in design IV, thus proving its optimality. The

which can be compared with anatomical data fromsame argument relates minimum axonal length to dendritic di-
mouse neocortex (Braitenberg and Schüz, 1998). Substi-ameter.
tuting axonal diameter, da ! 0.3 "m (Braitenberg and
Schüz, 1998), dendritic diameter, dd ! 0.9 "m (Braiten-IV cannot be improved further, provided wire diameter
berg and Schüz, 1998), and spine length, s ! 2.5 "mand spine length are fixed.
(Spacek and Hartmann, 1983), yields the total axonalWhy could not spines be much longer? They could
length per neuron, la ! 4 cm, and the total dendriticbe, but then their volume should be counted toward the
length per neuron, ld ! 4 mm. These results are in agree-wiring cost, just as dendritic branches were. So far the
ment with experimental data (Braitenberg and Schüz,spine volume has been excluded from the wiring cost
1998).because it depends weakly on the spine length. Indeed,

As previously mentioned, comparison of the all-to-allthe spine volume is dominated by its head, which does
network with the cortical column may seem artificialnot scale with the spine length. Although the spine neck
because connectivity in the cortical column is sparse.volume scales with the spine length, its cross-sectional
This is not a problem, however, if the brain functionalityarea is rather small (Harris and Stevens, 1989). Presum-
is specified by the potential synaptic connectivity. Po-ably, much longer spines would require a thicker neck,
tential synapse (Stepanyants et al., 2002) means a loca-which gives a large contribution to the volume. An inte-
tion in the neuropil where an axon and a dendrite comegral treatment of dendrites and spines as wiring requires
within a spine length of each other (Figure 6). The poten-relaxing the constraint on the wire diameter, which leads
tial synapse is a necessary although not sufficient condi-to the next question.
tion for the actual one. Its significance derives from theIf evolution attempts to minimize the wiring volume,
observation of the structural plasticity in adult neocortexwhy not make axons and dendrites thinner? The answer
(Trachtenberg et al., 2002): longitudinal in vivo imagingis that thinner wires impair brain functionality by adding
shows that dendritic spines constantly extend and re-to signal delay (Rushton, 1951) in axons and to attenua-
tract, forming and eliminating actual synapses. At thetion (Rall et al., 1992) in dendrites and by reducing infor-
same time, axonal and dendritic branches do not changemation transmission capacity in synapses (Hsu et al.,
(Mizrahi and Katz, 2003; Trachtenberg et al., 2002),1998). Then, the trade-off between signal delay, attenua-
meaning that the potential synapses remain stable.tion, and information rate on the one hand and wiring
Therefore, it may be more appropriate to characterizevolume on the other determines the wire diameter
the cortical column by its potential connectivity. Al-(Chklovskii et al., 2002; Chklovskii and Stepanyants,
though potential connectivity depends on the cortical2003; Hsu et al., 1998). This argument explains the ob-
layer and cell type, it remains close to all-to-all overserved difference in axonal diameters between different
several hundred micrometers (A.B Stepanyants et al.,pathways (Hsu et al., 1998) across branch points (Chklov-
2003, Soc. Neurosci., abstract). For the purposes of theskii and Stepanyants, 2003) and explains the fraction of
scaling estimate, the actual volume of the cortical col-neuropil taken up by wiring (Chklovskii et al., 2002). In
umn has been rounded off to 1 mm3. Possible overesti-the present theory, the wiring cost is minimized for fixed
mate of the column volume is compensated, to somefunctionality. Therefore, fixed axonal and dendritic di-
extent, by neglecting the fact that a pair of neuronsameters are assumed.
can make more than one potential synapse. The ratioThe difference in average diameter between axons,
between the numbers of actual and potential synapsesda, and dendrites, dd, is easily incorporated into the the-
is called the filling fraction, f (Stepanyants et al., 2002).ory by replacing Equation 11 with two separate expres-
Its value is typically much smaller than one (Stepanyantssions for axonal and dendritic length:
et al., 2002), as would be expected from the sparseness
of local cortical connectivity.la ! N

d2
d

s
(12)

Given that the cortical column has all-to-all potential

Chklovskii Neuron 2004



Cajal’s drawing of the cerebellar cortex



Mcculloch-Pitts neuron and the Perceptron model

 

 

 

 

 

 

  

  

  

 
 

 

  

 
 

 

  
 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

  

656 CHAPTER 14 Ways of Exploring 

Figure 14-62 A linear threshold neuron 
and a perceptron. (A) Schematic of a 
linear threshold neuron y, which fires when 

Nthe weighed sum of its input (!i=1Wi ·xi) 
exceeds a threshold θ. (B) Schematic of a 
simple perceptron. Information flows from 
an input layer through initially randomly 
weighted connections to an association 
area with two neurons and then to a 
response area with two neurons, each 
connected to one association neuron. The 
circuit can be trained to serve as a binary 
classifier (to detect, for example, whether 
an image presented by the input layer is or 
is not a cat) by viewing labeled images and 
changing synaptic weights (Wij) based on 
the correspondence between the labels 
and the circuit’s responses. (Based on 
Rosenblatt F [1958] Psychol Rev 65: 
386–408.) 
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where y is the activity of a neuron receiving N inputs, x1 –xN (each of which can be 
1 for firing or 0 for not firing); Wi is the strength (weight) of the synapse between 
the neuron and its presynaptic partner i; and H is a step function defined by 
H(σ) = 1 when σ ≥ 0 and H(σ) = 0 when σ < 0 (Figure 14-62A). Note that the vec-
tor of weights W is essentially a linear filter (Section 14.31) that describes how 
presynaptic activity is transformed into postsynaptic activation drive. 

An influential early model neural network, the perceptron, organizes linear 
threshold neurons in a feedforward architecture (Figure 14-62B) inspired by the 
organization of the visual system. In a perceptron, neurons are distributed in spe-
cific layers. A given layer receives inputs from the previous layer and sends output 
to the next layer. Frank Rosenblatt, who originally proposed the perceptron, also 
posited a learning rule and showed that classification of visual objects can be 
learned by viewing examples and their correct classifications. Although this was 
considered a major breakthrough when first proposed, enthusiasm was tempered 
by subsequent demonstrations that single-layer perceptrons have limits in per-
forming nonlinear classification. However, multilayer perceptrons are not subject 
to such limits and have become core models underlying the recent resurgence of 
deep learning, which we will study in Section 14.33 and Box 14-6. 

We learned in Chapter 4 that information processing in the visual cortex 
involves not only feedforward connections but also extensive recurrent and feed-
back connections. This requires a more complex circuit model than the feedforward 
architecture of a perceptron. Models with recurrent and feedback connections 
also exhibit complex temporal dynamics. For example, in a network of N linear 
threshold neurons, the activity of each neuron at a given time is determined by 
whether the weighted sum of its synaptic inputs exceeds a threshold at an imme-
diately preceding time: 

x (t) = H{!N W x (t – 1) – θ }, (3)i j=1 ij j i 

where xi(t) is the activity of a given neuron i at time t, θi is its firing threshold, H is 
a step function defined as in equation (2), and Wij is the synaptic weight between 
neuron i and its presynaptic partner j. For inhibitory input, Wij < 0. If two neurons 
are not connected, then Wij = 0. 

Quantitative analysis involving recurrent connections are complex. John 
Hopfield described a special recurrent network (known as a Hopfield network) 
wherein W  = 0 (i.e., neurons do not form synapses onto themselves) and W  = Wii ij ji 
(the weights of synaptic connections between any two neurons are symmetrical), 
which simplifies the computation. In this network, an “energy” function 

E = – —12 ! W x x  + ! θ xi ,j ij i j i i i 

will either stay the same or decrease as neurons in the network update their states 
according to equation (3). (Note that this abstract energy function differs from the 
concept of energy in physics, and the term is used here analogously.) Thus, energy 
will converge to local minima over time (Figure 14-63). These low-energy states 
are called attractors. The Hopfield network was originally conceived of as a way 
to store associative memory wherein the activity pattern at each attractor corre-
sponds to a specific memory. Activity patterns that diverge slightly from an attrac-
tor are guaranteed to move toward the nearest attractor, analogously to recall of 

y = sign(
N

∑
i=1

Wixi − θ)



Figure 4 : Fraction of linearly separable dichotomies vs. P/N for N = 5 and 65

4. Another way to look at the behavior of C(P,N) is to allow both P and
N to approach 1, but to keep them proportional, i.e. P

N = ↵. In this case,
as N ! 1, C(P,N) vs. P

N becomes a step function, as shown in figure 5.
Note that the shape of the step function must of course still obey the properties
that we found before, in particular C(2N,N)

2N = 0.5. This is in fact the value
around which the step occurs, i.e. below the critical value of P

N = 2 we see that
virtually all of the dichotomies are possible, and above that value virtually none
are possible.

Proof will be explained in the next lecture:

Proof of Cover’s Theorem: Start with P points in general position. We
now assume that there are C(P,N) dichotomies possible on them, and ask how
many dichotomies are possible if another point (in general position) is added,
i.e. what is the value of C(P + 1 () , N). In this way we will set up a recursive
expression for C(P,N).

Let (b1, ..., bP ) be a dichotomy realizable by the network over the set of P inputs
– in other words, bi 2 {�1,+1} for every i = 1..P , and there is a set of weights
W so that

�
sign(WT

x
1), ..., sign(WT

x
P )

�
= (b1, ..., bP ). Using this same W ,

we get a dichotomy over the set of P + 1 inputs:
�
sign(Wx

1), ..., sign(Wx
P+1)

�
= (b1, ..., bP , sign(Wx

P+1)) (5)

9

α = P/N

C(P, N )
2P

Critical Capacity

C(P, N ) = 2
N−1

∑
k=0

(P − 1
k )



The Perceptron learning algorithm
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Figure 14-62 A linear threshold neuron 
and a perceptron. (A) Schematic of a 
linear threshold neuron y, which fires when 

Nthe weighed sum of its input (!i=1Wi ·xi) 
exceeds a threshold θ. (B) Schematic of a 
simple perceptron. Information flows from 
an input layer through initially randomly 
weighted connections to an association 
area with two neurons and then to a 
response area with two neurons, each 
connected to one association neuron. The 
circuit can be trained to serve as a binary 
classifier (to detect, for example, whether 
an image presented by the input layer is or 
is not a cat) by viewing labeled images and 
changing synaptic weights (Wij) based on 
the correspondence between the labels 
and the circuit’s responses. (Based on 
Rosenblatt F [1958] Psychol Rev 65: 
386–408.) 
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where y is the activity of a neuron receiving N inputs, x1 –xN (each of which can be 
1 for firing or 0 for not firing); Wi is the strength (weight) of the synapse between 
the neuron and its presynaptic partner i; and H is a step function defined by 
H(σ) = 1 when σ ≥ 0 and H(σ) = 0 when σ < 0 (Figure 14-62A). Note that the vec-
tor of weights W is essentially a linear filter (Section 14.31) that describes how 
presynaptic activity is transformed into postsynaptic activation drive. 

An influential early model neural network, the perceptron, organizes linear 
threshold neurons in a feedforward architecture (Figure 14-62B) inspired by the 
organization of the visual system. In a perceptron, neurons are distributed in spe-
cific layers. A given layer receives inputs from the previous layer and sends output 
to the next layer. Frank Rosenblatt, who originally proposed the perceptron, also 
posited a learning rule and showed that classification of visual objects can be 
learned by viewing examples and their correct classifications. Although this was 
considered a major breakthrough when first proposed, enthusiasm was tempered 
by subsequent demonstrations that single-layer perceptrons have limits in per-
forming nonlinear classification. However, multilayer perceptrons are not subject 
to such limits and have become core models underlying the recent resurgence of 
deep learning, which we will study in Section 14.33 and Box 14-6. 

We learned in Chapter 4 that information processing in the visual cortex 
involves not only feedforward connections but also extensive recurrent and feed-
back connections. This requires a more complex circuit model than the feedforward 
architecture of a perceptron. Models with recurrent and feedback connections 
also exhibit complex temporal dynamics. For example, in a network of N linear 
threshold neurons, the activity of each neuron at a given time is determined by 
whether the weighted sum of its synaptic inputs exceeds a threshold at an imme-
diately preceding time: 

x (t) = H{!N W x (t – 1) – θ }, (3)i j=1 ij j i 

where xi(t) is the activity of a given neuron i at time t, θi is its firing threshold, H is 
a step function defined as in equation (2), and Wij is the synaptic weight between 
neuron i and its presynaptic partner j. For inhibitory input, Wij < 0. If two neurons 
are not connected, then Wij = 0. 

Quantitative analysis involving recurrent connections are complex. John 
Hopfield described a special recurrent network (known as a Hopfield network) 
wherein W  = 0 (i.e., neurons do not form synapses onto themselves) and W  = Wii ij ji 
(the weights of synaptic connections between any two neurons are symmetrical), 
which simplifies the computation. In this network, an “energy” function 

E = – —12 ! W x x  + ! θ xi ,j ij i j i i i 

will either stay the same or decrease as neurons in the network update their states 
according to equation (3). (Note that this abstract energy function differs from the 
concept of energy in physics, and the term is used here analogously.) Thus, energy 
will converge to local minima over time (Figure 14-63). These low-energy states 
are called attractors. The Hopfield network was originally conceived of as a way 
to store associative memory wherein the activity pattern at each attractor corre-
sponds to a specific memory. Activity patterns that diverge slightly from an attrac-
tor are guaranteed to move toward the nearest attractor, analogously to recall of 

y = sign(
N

∑
i=1

wixi − θ)
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The roles of dendrites beyond connectivity

One of the hidden features that you cannot see in the wiring diagram 



An overlay of the predicted response with the experimental
data during long somatic current pulses for the cell depicted in
Figure 1A is shown in Figure 2B. Comparison of these simula-
tions (broken lines) with the experimental data (solid lines) shows
that although the model predicted accurately the amount of
steady-state attenuation, the fit to the long-pulse data suffered
from the problem that, compared with the experimental data, the
predicted somatic voltage decayed too rapidly, whereas the pre-
dicted dendritic voltage decayed too slowly. Similar results were

found in all three cells modeled. For each cell, the model param-
eters that best fit the steady-state attenuation in CsCl were then
used to simulate the somatic and dendritic responses to somatic
short current pulses in CsCl (Fig. 2C). Comparison of these
simulations with the experimental data from each cell showed
that, like the steady-state voltage responses, in all three cells
modeled the fit to the short-pulse data suffered from the problem
that the simulated somatic voltage decayed too rapidly, whereas
the simulated dendritic voltage decayed too slowly (Fig. 2C).

Figure 1. Experimental measurements of
steady-state voltage attenuation in neocortical
layer V pyramidal neurons. A–C, Representa-
tion of the dendritic morphology of three fully
reconstructed cells, with the site of the den-
dritic recording indicated (arrow). The images
shown were generated by NEURON using the
measured coordinates and diameters for each
cell (1099, 1112, and 610 compartments). D–E,
Average somatic and dendritic responses ob-
tained from the cell shown in A during somatic
200 msec, !50 pA current pulses in control
(D) and in the presence of 5 mM CsCl (E). F,
Steady-state voltage attenuation in control
conditions (E) and in 5 mM CsCl (F) during
dendritic recordings at different distances from
the somata of 13 neurons. The smooth line is
the best fit to the control (bottom line) and
CsCl (top line) data arbitrarily fitted with a
Gaussian function. The dotted lines indicate
50% steady-state attenuation, and the arrows
indicate the distance from the soma where this
occurred for recordings in control and CsCl.

3504 J. Neurosci., May 15, 1998, 18(10):3501–3510 Stuart and Spruston • Voltage Attenuation in Cortical Pyramidal Neurons

Stuart & Spruston J Neuroscience 1998



41 Branching Dendritic Trees and Motoneuron Membrane Resistivity

to the membrane surface. The uniformly distributed membrane im-
pedance is assumed to consist of an ohmic resistance in parallel with a
perfect capacity.

8. A membrane electromotive force, E, is assumed to be in series
with the membrane resistance, and is assumed to be constant for all of
the membrane. Under steady conditions, and in the absence of current
flow, the electric potential difference, Vm, across the membrane has a
resting value equal to E.

FUNDAMENTAL EQUATIONS

The derivation of the differential equation for distributions of passive
electrotonic potential in uniform cylinders is well established in the
theory developed for axons (5, 9, 20). In regions containing no sources
or sinks of externally applied current, this differential equation can be
expressed

X2 = V + r -,
ax2 ai

where V = V, E is the electrotonic potential, x represents distance
along the axis of the cylinder, T = RmCm is the membrane time constant,
and A [(d/4) (Rrn/Ri) 11/2 is the characteristic length constant.3

Transient solutions of this differential equation are considered in a
companion paper (26). Under steady state conditions, av/at o, and
the general solution of the differential equation can be expressed in terms
of exponential or hyperbolic4 functions, with two arbitrary constants.

3 A more familiar expression for 2. would be [rm/(re + r.) ]1/2. Here, however,
assumption 3 implies r5 = 0, and the resistances, rm and r, for unit length, have
been expressed in terms of fundamental quantities: R,,, = membrane resistance for a
unit area (0cm2) R = specific resistivity of internal medium (0cm) ; and d is
the diameter of the cylinder. Thus r,,, = Rm/7rd) and r = 4R/(ird2). The deriva-
tion of Eq. [1] can be indicated briefly as follows: because of assumptions 3 and 6,
the axial current, I, is defined by Eq. [8], and (see Fig. 2) the membrane current
per unit length of cylinder is Ç, = 01/Ox = (l/r) (32V/3x2) ; also, because of
assumptions 3, 7, and 8, m = Td(Cm av/at + V/Rm) equating these two expres-
sions for m results in Eq. [i]. Further details can be found in Research Report
NM 01 05 00.01.02 of the Naval Medical Research Institute, Bethesda, Maryland.

' The hyperbolic sine and cosine are tabulated functions defined as follows:
smb u = '/2 (eU U) and cosh u = '/2 (e" + e"). The properties relevant to
the boundary conditions of the present problem are these: when u = 0, smb u 0,
and cosh u = 1; also, d/dx (sinh u) = (cosh u) du/dx, and d/dx (cosh u) =
(smb u) du/dx.

[1}
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Wilfred Rall and the cable equation

Experimental Neurology 1959

Neuron

Obituary

Wilfrid Rall (1922–2018)

Wilfrid (Wil) Rall was an outstanding sci-
entist and a unique person—warm and
modest, despite being a scientific renais-
sance man. He is the founding father of
the field of dendritic modeling and the
developer of both cable theory and the
compartmental modeling approach for
studying dendrites and synaptic integra-
tion. He was the first to draw attention to
the computational role of dendrites, to
dendritic nonlinearities, and to plastic
processes in dendritic spines. It is thanks
to Rall’s 40 years of pioneering theoretical
studies, dendrites have become the focus
of worldwide research interest, culmi-
nating in the recent evidence that local
dendritic processing may play a key role
in behavior. Rall is among a very few neu-
roscientists that, almost single-handedly,
have changed our understanding of our
own brain and of the operation of its so-
phisticated processors: the individual
neurons. His passing is a great loss to
science and to the many who knew and
loved him; it signals the end of an era.
The beauty and structural diversity of

dendrites was appreciated already at the
end of the 19th century following the
inspiring work of Camillo Golgi and
Santiago Ramón y Cajal, whose artistic
rendering of the structure of dendrites
revealed their full glory. Cajal even nick-
named neurons ‘‘the butterfly of the
soul’’ (could scientists use such romantic
terms today?). Wil Rall had the soul of an
artist (and indeed was a sculptor) and
appreciated the beauty of dendrites early
on. He was trained as a physicist (BS
1943, Yale University), participating in
the Manhattan project, and then studied
biophysics with Kacy Cole at the Univer-
sity of Chicago and earned an MS degree
in 1948. His growing interest in neuronal
biophysics and synaptic integration, and
a recommendation from Cole, led Rall to
study physiology in the labs of John
Eccles and then Archibald McIntyre in
Dunedin (PhD 1953, University of Otago).
After early-career appointments, teach-
ing, and research, Rall joined and spent
the rest of his career at the National
Institutes of Health in the Mathematical
Research Branch (MRB, NIDDK) in Be-
thesda, MD.

The Rall revolution began with a brief
paper in Science in 1957 with the demon-
stration that electric current flow in neu-
rons is dominated not by the cell body,
as previously thought, but by the exten-
sive dendritic tree. He thus yearned to
understand whether, and if so in what
way, the branching structure and bio-
physical properties of dendrites could
have functional implications. For a theo-
rist, the message is clear: when esti-
mating parameters like the specific
membrane resistivity (Rm) in a spatially
distributed system, one should use the
appropriate theoretical treatment/formu-
lation. In this case Rall applied cable
theory, challenging the ‘‘point-neuron
model’’ proposed by Eccles, which over-
estimated the leakiness (i.e., underesti-
mated the value of Rm) of the dendrites.
Initially, Rall’s demonstration was strongly
opposed by leading electrophysiologists
(and especially by John Eccles) that
were committed to a soma-centric view
of neuron activity, resulting in rejection of
his first full paper on dendrites and even-
tual publication of this work (1959) in
a new journal (Experimental Neurology,
reproduced in Segev et al., 1995). This
opposition delayed the recognition of
the importance of Rall’s new methods
and interpretations by mainstream neuro-

science. But good work prevails, and
indeed Rall’s fundamental and deep in-
sights regarding the implications of cable
properties of dendrites gradually pene-
trated deeply into the scientific commu-
nity interested in understanding signal
flow and synaptic integration in den-
drites. The basis of this work was the
cable equation (first introduced by
Lord Kelvin), which was solved by Rall
to describe current flow in dendrites
as branching cylindrical structures. This
meant solving analytically the cable equa-
tion with boundary conditions that repre-
sent repeatedly branched cables, each
branch having a particular diameter, spe-
cific membrane resistivity (Rm), capaci-
tance (Cm), and cytoplasmic resistivity
(Ri). Rall’s recursive solution method
enabled the calculation of the impact of
a dendritic synapse, both in terms of the
dendritic voltage response at the site of
the synapse as well as on the resultant
voltage change at other locations,
including the soma and axon region. It
enabled, for the first time, the rigorous
understanding of ‘‘synaptic integration’’
in dendrites. In his seminal 1959 work,
Rall not only solved the cable equation
for arbitrarily branched passive dendrites,
but he also sought ways to simplify this
solution. Indeed, he found a set of den-
dritic trees that are, mathematically,
equivalent to a single finite cylinder. His
‘‘equivalent cylinder’’ theory defined the
set of key parameters that determine
signal flow in dendrites: namely, the
electrotonic (cable) length of the dendritic
tree (L), the membrane time constant (tm),
and the branching structure/dimensions
of the dendritic tree.

In 1964 Rall published his next break-
through, the compartmental modeling
method for describing the spread of
activity in dendrites. In this work Rall
was one of the first to realize the potential
of digital computers for biology and espe-
cially neurobiology. A colleague at the
Mathematical Research Branch, Mones
Berman, had been developing digital
methods for simulating physiological
dynamics, such as exchange of meta-
bolites between major ‘‘compartments’’
in the body (e.g., lung, blood, etc.). RallWilfrid Rall
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The basic assumption of cable theory: dendrites are cylinders!

Simplifying assumptions:

1. Extracellular resistance ro=0

2. Membrane properties are uniform throughout, for all parts of the cylinder
and are independent of membrane potential – no voltage gated channels.

3. Current flow is along a single dimension, x. So, there’s no radial current



Passive propagation in cables: the garden hose analogy

Non-leaky hose

Leaky hose

Propagation through neuronal dendrites is similar to 
water flow through a leaky hose!

Cable equation: a garden hose analogy



A derivation



Action potential initiation and backpropagation in pyramidal neurons

20 mV

5 ms

axon

100 µm

Synaptic 
stimulation

soma

Stuart et al., J. Physiol. 1997

dendrite

Action potential generation and back 
propagation in dendrites



Interaction between backpropagating APs and distal Ca spikes

10 ms

50 mV

Larkum, Zhu & Sakmann - Nature, 1999

Distal EPSP only

Interaction between back-propagation of action 
potentials and Ca2+ spike



10 ms

50 mV

Larkum, Zhu & Sakmann - Nature, 1999

Back-propagating action potential only

Interaction between backpropagating APs and distal Ca spikesInteraction between back-propagation of action 
potentials and Ca2+ spike



Interaction between backpropagating APs and distal Ca spikes

Larkum, Zhu & Sakmann - Nature, 1999

Backpropagating AP-
activated Ca2+ spike

Interaction between back-propagation of action 
potentials and Ca2+ spike



Specific dendritic tuft Ca2+ signals during active sensing

Xu... Magee & Svoboda, Nature 2012

Specific dendritic Ca2+ signal during active sensing 

Xu et al Nature 2012



Specific dendritic Ca2+ signal during active sensing 

Xu et al Nature 2012
Xu... Magee & Svoboda, Nature 2012

Specific dendritic tuft Ca2+ signals during active sensing



=

thin branch = subunit

soma

spikesS

�One has to consider the possibility that in the monkey the simple-cell step may be
skipped, perhaps by summing the inputs from cells in layer 4 on dendrites of
complex cells. In such a scheme each main dendritic branch of a complex cell
would perform the function of a simple cell.�

David Hubel, Nature 299: 515-524, 1982

Bartlett Mel

Dendritic nonlinearities create independent processing compartments
Dendritic compartment and nonlinear integration  

Poirazi, Brannon & Mel Neuron 2003



Single Cortical Neurons as Deep Artificial Neural Networks 
1David Beniaguev, 1,2Idan Segev and 1,2Michael London 

1The Edmond and Lily Safra Center for Brain Sciences and 2Department of Neurobiology, The Hebrew 

University of Jerusalem, Jerusalem, Israel. 
 
Communication: David Beniaguev - david.beniaguev@gmail.com 

 
Abstract 
We introduce a novel approach to study neurons as sophisticated I/O information processing units by 

utilizing recent advances in the field of machine learning. We trained deep neural networks (DNNs) to 

mimic the I/O behavior of a detailed nonlinear model of a layer 5 cortical pyramidal cell, receiving rich 

spatio-temporal patterns of input synapse activations. A Temporally Convolutional DNN (TCN) with 

seven layers was required to accurately, and very efficiently, capture the I/O of this neuron at the 

millisecond resolution. This complexity primarily arises from local NMDA-based nonlinear dendritic 

conductances. The weight matrices of the DNN provide new insights into the I/O function of cortical 

pyramidal neurons, and the approach presented can provide a systematic characterization of the 

functional complexity of different neuron types. Our results demonstrate that cortical neurons can be 

conceptualized as multi-layered “deep” processing units, implying that the cortical networks they form 

have a non-classical architecture and are potentially more computationally powerful than previously 

assumed.   

 

 
 

 

 

 

Keywords: Deep learning; Machine learning; Synaptic integration; Cortical pyramidal neuron; 

Compartmental model; Dendritic nonlinearities 
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Can Single Neurons Solve MNIST? The
Computational Power of Biological Dendritic

Trees

Ilenna Simone Jones1 and Konrad Kording2

1Department of Neuroscience, University of Pennsylvania
2Departments of Neuroscience and Bioengineering, University of

Pennsylvania

September 4, 2020

Abstract

Physiological experiments have highlighted how the dendrites of
biological neurons can nonlinearly process distributed synaptic inputs.
This is in stark contrast to units in artificial neural networks that are
generally linear apart from an output nonlinearity. If dendritic trees can
be nonlinear, biological neurons may have far more computational power
than their artificial counterparts. Here we use a simple model where the
dendrite is implemented as a sequence of thresholded linear units. We
find that such dendrites can readily solve machine learning problems,
such as MNIST or CIFAR-10, and that they benefit from having the
same input onto several branches of the dendritic tree. This dendrite
model is a special case of sparse network. This work suggests that
popular neuron models may severely underestimate the computational
power enabled by the biological fact of nonlinear dendrites and multiple
synapses per pair of neurons. The next generation of artificial neural
networks may significantly benefit from these biologically inspired
dendritic architectures.
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