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Abstract According to the experimental result of signal
transmission and neuronal energetic demands being tightly
coupled to information coding in the cerebral cortex, we
present a brand new scientific theory that offers an unique
mechanism for brain information processing. We demon-
strate that the neural coding produced by the activity of the
brain is well described by our theory of energy coding. Due
to the energy coding model’s ability to reveal mechanisms
of brain information processing based upon known bio-
physical properties, we can not only reproduce various
experimental results of neuro-electrophysiology, but also
quantitatively explain the recent experimental results from
neuroscientists at Yale University by means of the princi-
ple of energy coding. Due to the theory of energy coding to
bridge the gap between functional connections within a
biological neural network and energetic consumption, we
estimate that the theory has very important consequences
for quantitative research of cognitive function.

Introduction

Due to the limitations in current biophysical models of
neural coding, research into the mechanisms of neural
information processing remain very difficult (Quiroga
et al. 2005; Stein et al. 2005; Wang and Zhang 2003,
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2005; Wang and Jiao 2006; Jiao and Wang 2005).
Because of these limitations, currently, the principles of
neural information processing underlying cognitive
processes within the brain are not completely understood
(Arbib 2002; Wilson and Keil 1999; Freeman 2000;
Crotty and Levy 2005; Jiao and Wang 2006). William B
Levy and Robert A. Baxter studied the relationship
between neural coding and energy consumption, and gave
a description of the average energy consumption required
for a given level of neural network activity according to
Shannon’s principle (Levy and Baxter 1996; Levy and
Baxter 2002). Here the role of energy efficiency was
detected in the process of neural coding (Levy and Baxter
1996; Levy and Baxter 2002). Recently, Simon B.
Laughlin and Terrence J. Sejnowski have posited that
networks of neurons increase efficiency by distributing
signals sparsely in space and time (Laughlin and
Sejnowski 2003). It was already recognized that sparse
coding improves energy efficiency. However, the func-
tional relationship between information coding and energy
consumption for neurons is not known. Does the energy-
efficient cortical neuron select signals from synapses
that are most informative? This question draws energy
efficiency into one of the most active and important areas
of neuroscience: synaptic plasticity (Laughlin and
Sejnowski 2003). The research in this paper is relevant to
this kind of question and we will focus upon this question
in a series of papers to follow (Wang and Zhang 2006).

Here we show that principle of the energy coding can
reveal intrinsic property of brain information processing by
way of a biophysically plausible model. We bring a new
perspective upon global brain information processing. We
will demonstrate that this perspective provides us a great
comprehension of the role of information coding in neural
networks.
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Biophysical model

Analysis of both neuro-electrophysiological experimental
data and the biophysical properties of neurons suggest the
following equivalent electric circuit model or the bio-
physical model that reflects the essential electronic prop-
erties of neuronal activity as in Fig. 1.

This physical model describes the interaction between
a single neuron and all other neurons connected to the
single neuron. Interaction and mutual coupling among
neurons is achieved through the total electrical current
formed by the input of N neurons to the mth neuron to
generate the sub-threshold current level. The mth neuron
in the coupling relationship under the state of firing
action potential does not react to external stimulation,
hence, the stimulation-induced electric current I,, be-
comes a fixed constant (i.e. constant-current source).
Similar to the model in reference (John et al. 2000), for
the separation of positive and negative ions inside and
outside of the cellular membrane we use C,, to denote
this membranous capacitance. For the voltage formed by
charges of positive and negative ions at the cellular
membrane we use Uy, to express this corresponding
potential difference. In the resting membrane state the
intensity of the magnetic field produced by the motion of
the ionic charges upon neuronal activity is very weak,
therefore, it can be neglected. However, the magnetic
field formed by the violent motion of ionic charges
during action potential is much stronger than during the
resting state, and can not be ignored. This is because the
influx of sodium ions and efflux of potassium ions
achieve extremely high rates. Motion charges formed in
this case have to produce the self-induction phenomenon.
Hence, we use the inductance L,, to denote the intensity
of the magnetic field is not only important but also
reasonable in a physical sense. And the physical phe-
nomenon of membrane current depending on membrane
potential has been confirmed by many experiments
(Arbib 2002; Freeman 2000). Therefore taking into
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Fig. 1 Physical model of mth neuron under case of coupling
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account the effect of inductance in electricity during the
neuronal action potential follows naturally. The site of
the inductance is designed to parallel the membranous
capacitance as in Fig. 1. Although this is a hypothesis,
the computational results obtained from the biophysical
model in this paper show that introduction of inductance
into the model agrees well with the experimental results
of neuro-electrophysiology.

The neuronal action potential requires energy for
activity, and voltage source U denotes the total energy
supplied by both the sodium-potassium pump, through
the production of charge separation and thermal noise
energy generated by water molecules having undergone
ATP hydrolysis (Wang et al. 2003). In addition, that a
neuron can maintain its resting membrane potential
shows that there exists a current source E of energy
within the cell body. The electric resistance ry,, models
the loss of energy, and the electric resistance
Fim + Fam + 13, as in Fig. 1, is equivalent to the elec-
trical resistance in reference (John et al. 2000). Neuro-
physiologists pay great attention to these sites in
neuronal activities because the highest energetic demand
in the brain is centralized to sites of synaptic input
(Schwartz et al. 1979; Mata et al. 1980). Therefore the
internal energy source E for the mth neuron and the site
of total temporal-spatial input from N neurons to the
mth neuron is designed to different points in the phys-
ical model as in Fig. 1, i.e. the site of internal energy
generation and the site of total synaptic current have
associated resistances ry,, and r3,, respectively, and the
electric resistance between ry,, and r3, is denoted by
rom- The physical quantities can be observed as the
membrane potential U, and the membrane electric
current /y, in the physical model, as in Fig. 1. The
work of investigators at Yale University indicates that
most of the energy used in brain is for the propagation
of the action potential and for the restoring postsynaptic
ion fluxes after the receptors have been stimulated by
neurotransmitters (Raichle and Gusnard 2002). The
symbol I,, denotes the total synaptic current formed
after temporal-spatial integration of numerous synaptic
inputs on the mth neuron—this interaction among neu-
rons in the cerebral cortex is orderable and obeys a self-
organizing rule (Haken 1996). Hence, the stimulation
induced free motion of electric currents does not take
arbitrary values. This is because the dynamic mechanism
of the ionic channel can greatly restrict the form of the
electric current /,, (Koch and Segev 1998). According to
this point of view, the numerical computational results
given in the later section of the paper confirmed that the
concrete form of energy consumption for neurons is just
the Hamiltonian energy function presented below.
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Circuit equations

We obtain the following equations in Fig. 1

Uin = Cu3mUom + Uom (1)
Ly = CuUom (2)
Uin = Llom + Fimlim + am(Ln — Tom) (3)
Tom = Lim + Lom — In (4)
U = romlom + Pimdim + Ldim (5)

Combination Egs. (1)—(5) yields the model equations:

Lmilm + rlm]lm - Cm(r2m + r3m)UOm + UOm - erIm (6)

1 . .
Im - I"_ (CermUOm -U+ (rOm + rlm)llm + Lmllm) (7)
Om

At sub-threshold state the intensity of the magnetic field
produced by the motion of the ionic charges upon neuronal
activity is very weak, therefore, it can be ignored, i.e.

L,=0 (8)

The electric current /;m is eliminated from (6, 7) we
obtain

CmRZUOm+(r0m+rlm)UOm:RlIm+rlmU (9)
Where Ry = romrim + Fom"2m + FimPom (10)
R2 = Tom"tm + TomP2m + TomP3m + FimP2am + FimF3m (11)

The electric current /;m is eliminated from (6, 7) we
obtain

1 .
Ilm - R_ (Cermr3mU0m + rOmUOm + ro U) (12)
1

At supra-threshold level, we set
L, =iy (13)

The mth neuron in the coupling relationship under the
state of firing action potential does not react to external
stimulation, hence, stimulation’s the electric current I,
becomes a fixed constant i (i.e. constant-current source).

The numerical analysis of the biophysical model
and comparison of neuro-electrophysiological results

(1) The membrane potential at sub-threshold stimulation
The experimental condition is the following

L,=1i, (14)

One obtains the following result from (9)

t

U()m = U()m(OO) + (Uom(O) — Uom(OO))€_7 (15)

als

Ui = U (09) + (1= ) (U 0) = (o0

(16)
where
ﬂlR
Tom + T'im
Riiy + 11, U
Upp(00) = —— 18
0 ( ) Yom +r1m ( )

Using Eqgs. (14, 16), one obtains the following numerical
results in Fig. 2. iy =0.954 x 10734, ro, = 0.004Q,
Flm:5Q,r2m:88.Q, r3m = 2.20Q, U()m(()) =—65x 1073 V.

The above result proved that membrane potential at
sub-threshold stimulation agrees astonishingly with result
given in Figure 7.3 in reference (John et al. 2000). This
biophysical model can reproduce all kind of mem-
brane potentials given in Figure 3 in reference (John et al.
2000) as long as parameters are choosen. Therefore
the biophysical model can be used to describe the basic
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Fig. 2 Plot of the subthreshold membrane potential
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characteristic of neuron’s electric activity under condition
of various different stimulations. In order to demonstrate
the validity of the biophysical model, an example is given
again in the below.

(2) The action current at supra-threshold level
The experimental condition is the following

Ui = Au(t) + Uy (0) (19)

Where u(?) is a step function.
Substituting Uy, into (2) one obtains

. A
Izm = CmU()m =—e Cnm (20)
3m

Using above conditions, one obtains solution from
Eq. (6) as follows

it A Umo o m.
Ilm:I]m(O)Eill‘n 4 + Uom(0) — ramio

'im 21)
[N S "m!
_m! romA e S — e~ L (
(1 — e Lm) + ; T
Lmr3m Tim __
Ly, Cursm

Inserting (20, 21) into (4) yields the action current

IOm: —_— o e Cmnim
'm 3m

A_(rlln+r2m)i0+UOWl(O) A %’: ;
R (P -

Coulam L
A + UOm (O) - r2mi0

F'tm _1 _rm
Lintsm (cmrsm Ly

A it
P 11,(0) et

(22)

Using Egs. (19, 22), one obtains the following
numerical results in Fig. 3. L, =109 x 1073H,
Cn=8x107% F 1y, = 6.5Q, 1y =52.8524 Q, 13, =
12.5167Q, ip=—2.0639 x 107*A, Up,,(0) =—69 x 1073V,
I1,(0) = =3.5mA.

The above result demonstrates that the biophysical
model given in Fig. 1 can reproduce a depolarizing mem-
brane current. This membrane current is completely in
accordance with figure 6.3 in reference [John et al. 2000].

The numerical simulation of EPSP and IPSP

We know that output of the model is neuronal membrane
current from Fig. 1. The symbol I, denotes the total syn-
aptic current formed after temporal-spatial integration of
numerous synaptic inputs on the mth neuron. Hence, output
of the membrane current obtained from the biophysical
model is actually a result of interacting coupled neurons,
and energy method is used from starting dynamic theory to
discuss relationship between input and output of among N

@ Springer
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Fig. 3 Plot of the depolarizing membrane electric current at
supra-threshold stimulation

neurons to the mth neuron. According to the biophysical
model in Fig. 1, the following result can be read at sub-
threshold level

L,=0

The 1, is result of stimulation of N neurons to the mth
neuron. This stimulation will be strictly mastered under
action of mechanism of neurodynamics, so it does not take
arbitrary values. However, the membrane current seems to
be able to take arbitrary values in the biophysical model,
but the microscopic mechanism of neuron shows that dy-
namic rule of the convergence of positive and negative ions
inside and outside of the cellular membrane can restrain
membrane current [,’s motion form. A reasonable
assumption is that choose Uy, to be the generalized dis-
placement, and the power provided by U and I, to the
system is a Lagrange function or Hamiltonian function.
Accordingly, the form of I, is dominated by Hamiltonian
motion equation.

One obtains the power of the membranous capacitance
from Fig. 1

Wim = CmUOmUOm (23)

and the power of resistances

Wom = C2 r3mU§m + rlmllzm + er(Im - lej()m)2

m

+ rOm(Ilm - Im + le.]Om)2

Lagrange function is structured according to Fig. 1 as
follows

L(U()mv UOm) = Wim + Wom (24)
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Inserting (9-12) into (23-25) yields

L(Uom, Upw) = a US,,, + a2 Ugm + a3Up Uom

5 (25)
-+ a4U0m + asUy,, + ag
where
ar = Crs, (1 4 Donlron i) ”"’)) (26)
R,
2Cmrlmr\?m
=——U 27
a Rl (27)
2 m m m
P (1 N M) (28)
Ry
Tom + I'tm
_ 29
as Rl (29)
2r1mU
= — 30
as R, (30)
ag = 1im T Tom g2 (31)
R

We define that the generalized displacement is denoted as

gm = Uom (32)

and the generalized momentum is denoted as

Pm — 2611 UOm + ay + azUpp, (33)

According to the above generalized displacement and
generalized momentum, Hamiltonian energy function from
the power function of the electric resistance and the
capacitance can be easily obtained as follows:

(Pm —da; — aBQm)z
4(11

- (a4q§1 + asqm + (16)
(34)

H(pnn Qm) -

then motion equation which corresponds to the above
Hamiltonian energy function is given by

q‘ — Pm—@2—A3qm
. 2a, 35
{pm = 204G, + as + 2‘173[ (pm —a - aSCIm) ( )

Let

U= —E+Ae™ (36)

Combination of circuit equation, as in Fig. 1, and the
computational results of electronic current stimulation
allow us to obtain an exact solution for the membrane
potential from motion Eq. (35).

rlmE

_ Arlm(l — Cmr3mh) eihl
Tom + Fim

Clznr3mR2()VZ — h2)
ANl = Curanh)
A—nh

Uom =

+ 'im (
2(rOm + rlm)
n 2k (rom + rlm))@%,

Fim

Where A = \/E (38)
a

A — E — Zalrontrin)
= Tim
" iCmr3mAA + E + Zalontrim) (39)

im

(37)

Substituting (37-39) into (1) we obtain the following
membrane potential

Arin(1=Cursmh)® it
CZr3uRy (A7 —h?)

m

ar
U‘ — _ _im
im Tom+T1m +

Tim(1=Cin3m ) _ Ai(1=Cpur3mh)
S \E p=

+ 2k, (r0/71+rl/rx>) e—)ut (40)

Tim

Substituting (36, 37) into (9), we obtain stimulation
current as follows:

Ilefht 4 Izef/lt

I,="" "2 41
= (41)
where
- T — CouRoh) (1 — Cpramh
Iy = Ary, [ Lo 2 2)( ) ) ()
C%ngRz(i _h2)
I — rlm(rOm + Yim — CmR2}~)
H =
2 m m
(om + 11m) (43)

e AJ(1 = Cpursmh)  2ky(rom + rim)
A—h 'tm

The exact solution describes the excitatory postsynaptic
potentials (EPSP) and the inhibitory postsynaptic
potentials (IPSP) in Fig. 4. C, =4.2x 107° F, ro, =
0.004 = Qry,, =5Q,72, =88Q,r3, =2.2Q,Up,,(0) =
—69 x1073 V, =71 x 1073 V, Uj,,(0) = +50 V.
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From the above numerical results we can clearly show
that the Hamiltonian energy function can effectively
reproduce both EPSP and IPSP obtained by means of
experimental methods. In addition, we have proved that the
biophysical model given in Fig. 1 is both very effective
and accurate in Figs. 2 and 3.

The numerical simulation of action potential
at supra-threshold level

The membrane potential U, is achieved to threshold value
due to I, = i( under situation of supra-threshold stimulation
and the action potential is produced. After the action po-
tential is achieved to peak value, the membrane potential
U, is dominated by rule of sub-threshold activities.
Therefore, one obtains the powers of the membranous
capacitance and the inductance from Fig. 1 as follows:

Wim = CmU()mUOm + Lmllmjlm (44)
And power of resistances is the following
. 2
Wom :rOm(Ilm + CmUOm - lO) + rlmllzm (45)
+ r2m(i0 - le.]()m)2 + Crznr3mU(%m
external stimulation current
0.08
0.06
v
L 0.04
1=
m 1
E 0.02§
E |
0ri —
-0.02
0.5 1 15 2
68 membrane potential(EPSP)
II III".I
685} |
S \
E 69t |\
£
2
-69.5
-70 e
0 0.5 1 1.5 2

time(m second)

Fig. 4 EPSP and IPSP described by Hamiltonian energetic function
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One obtains the result from (6)

I — ke—® _ T2mio Cm(er + r3m)U0m
b m Lm
(1 — Conmtpatral) (46)
—at Lm m at
e”dt
+e L,
Where a — - (47)
L

m

Inserting the following Eq. (48) into integral term in
Eq. (46)

UOm = kO + k]@p]t —+ kgemt (48)
Where kg, ki, k2, p1, p> are adjustable parameters.
Combining (46) and (48) one obtains
m ] Cm m m U m
I = ket — 20 Gt ran)¥on g
tm Lm
where
g(t) :go+gle”"+gze"2’ (50)

external stimulation current

Im (m ampere)

0.5 1 15 2

membrane potential(IPSP)

Uim(m volt)
e
3%

74l . . ]
] 0.5 1 1.5 2

time(m second)
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1 Cmrlm(er + r3m)
=—|1—-———"k 51
80 I'tm ( Lm 0 ( )
1 mP1m\2m m k
g = — 1— Cuh (I‘z + r3 ) 1 (52)
Lm Lm P1 +a
1 Cm m\2m m k
o=t (1-Cmn (r2m + T3m) 2 (53)
Lm Lm P2 +a

Lagrange function is structured as follows
L(UOm» UOm) = Wim + Wom (54)

Substituting (6), (46-53) into (54) yields the following
Lagrange function

L(Uom, Uow) = d1U},, + d2Ugp + d3Uo Uom

5 (55)
+dsUR, + dsUoy + dg
where
dl = Crzn(r0m+r2m+r3m) (56)
dz = d21 + dzzeim + d23€plt + d24€p2t (57)
d21 = _CmiO (erm + 272m + V2;,1(72r0mr+lrzm+r3m))
(58)

+Con(2rom + Fom + F3m + —Zr()”’(rz';+r3/_”>)go

The symbols d,, d,, d3, ds, ds, de are adjustable
parameters of induction, electric resistance, and capaci-
tance in the following:.

d22 = ka(zr()m + m + r3m) (59)
2r()m(r2m + r3m)

dyy =Cy, 2r0m+r2m+r3m+L— &1 (60)
2r0i11(72m + r3m)

dyy = G| 2r0m + rom + T3m +L— g (61)

P

d3 = fm (Lm + Cm(er + r3m)(2r0m +rom + rSm)) (62)
Cm Cmrom(er + I‘3m)
d4 = L_ 1+ L— (rzm + r3m) (63)

ds = ds) + dsye™ " + dsze"" + dsge’™! (64)

. om | Cm(er+r3m)(2r()mr1m+270mr2m+rlmr2m)
dsi=—io| —+

Fim Lmrlm
+8o
(65)
2Cm m m m
dsy :k<1 4 mlo (Iiz I )) (66)
ds3 = g1 (67)
dss = g (68)

. rom (2rom+r: Fom??
de =i} (rOm + o + Tam(2ront om) ,01'" ) 4 " 2'”)
" Im

2romlom \ 7 Lp— -
- (2r01n + rom + %) lOke a + }’ka2€ 2at

+ rémgz(t) — (27‘0,,1 + oy, + 2";']"%) iog(t)
+ 2romkg(t)e ™
(69)

We define that the generalized displacement is denoted as
qm = Uom (70)
and the generalized momentum is denoted as
Pm = 2d\Uon + da + d3Uon (71)

We obtain the following Hamiltonian energy function
according to the power function of induction electric
resistance and capacitance in Fig. 1.

pm_dZ_d3Qm :

— (daqy, + dsqm + de)
(72)

n, electric resistance and capacitance in Fig. 1. With the

motion equation which corresponds to the above
Hamiltonian energy function given by

5 Pm—dr—dsqn

qm 2d, (73)

pm = 2d4q"1 + dS + % (pm - d2 - d3Qm)
According to Eq. (74) we obtain

.. D) _ ds—d,
qm — A dm = 2d,

. \/% (74)
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According to the circuit equations in the physical model,
we can obtain an exact solution for the action potential
from the Hamiltonian motion Eq. (74),

— _ds 4 1
Uom = 2d4+2d1

1 (dsi | dss—pidas | dsa—prdrs —at
[ (% + ot o dstats i 4701 )e

A

_ ds3—pidy et 4 — d54;[72d24 epzt:|
72 2
o (o]
1 ad 1+a)(ds3—pi1das
(TS‘ + s

" 24,(3—a) 2=p?)
bl 4oy (1,3 4 a) — (2 a)))e
2
(75)
1 Uom (0
Where I = > (UOm(O) +2 /1( )> (76)

L= % (U()m(o) - UO';(O)> (77)

d:
Uim = - ﬁ

+2171 |:17Cmr3ma <@ + ds3—pidas + d54;172d24 + 4)vdlll)e“”

A—a A A—p1 \—p2

- (1 + Cm”Smpl)dsi%le,?zsepl[ - (1 + Cmr3mp2)

dsy—prdas eP2t| — L=Curand (adsl + (p1+a)(ds3—pida3)
22 2d(A—a) \ )2 (22—p?)

2
+ %jL 24, (11 (7. + a) — (A — a)))e™
(78)

and the numerical simulation derived from Eq. (79) is
shown in Fig. 5. L, =3.1x 103 H,C,, =22 x 107° F,
rom = 0.004Q:r, =5, =88Q;r;, =22Q:i=
—0.78 x 1073 A, Uom(0) = =67 x 1073 V, Up,,(0) =
14463 V/t.

The numerical result clearly shows that the energy
function can elegantly reproduce the action potential taken
from neuro-electrophysiological data. In other words, the
result in Fig. 5 agrees with the numerical computational
result obtained by means of the Hodgkin—Huxley equation.
The difference lies in the fact that function used here
to produce the action potential is different from the
Hodgkin—-Huxley equation. The difference is that motion
Eq. (4) is linear, and the Hodgkin—Huxley equation is
nonlinear. This simplification of the biophysical model of
the action potential is significant because it models more
complex neural network modeling formerly, limited by the
nonlinear in the H-H model, possible. For this reason, the
idea of energy coding can provide a brand new research
method for understanding mechanisms of neural informa-
tion processing, as well as a scientific description of the
quantitative relationship between functional connections
within a biological neural network and energy consumption.
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Fig. 5 Action potential described by Hamiltonian energetic function

According to the results mentioned above, the main
conclusions are the following:

(1) We found that the Hamiltonian function of energy
consumption may be derived from a biophysical
model of the electrical properties of the neuron. The
computational results show that EPSP, IPSP and
action potential obtained by numerical simulation
agree with the experimental results of neuro-electro-
physiology. Note that value of the membranous
capacitance C,, and values of the electric resistance
Fims Tom and rs, in Figs. 2 and 3 are the same,
respectively.

(2) We emphasize that the results of our numerical
simulation based upon the exact solution for the
membrane potential expressed by the Hamiltonian
energy function is the same as the result of numerical
computation of the Hodgkin—Huxley equations. This
discovery reveals an important phenomenon, i.e.
although the Hodgkin—Huxley equation is nonlinear
in nature, the linear element in the equation is actually
the main function.

(3) Another important consequence of our research re-
sults is that we quantitatively accessed the qualitative
relationship between the energetic consumption
associated with neural activities and neural informa-
tion processing found by means of (BOLD) fMRI
(blood oxygen level-dependent functional magnetic
resonance imaging), as observed by neuroscientists at
Yale University (Raichle and Gusnard 2002; Hyder
et al. 2002; Smith et al. 2002).

(4) The Hodgkin—Huxley equation and signal transmis-
sion with energetic coupling can be unified in the
Hamiltonian energy function by means of the energy
method presented in this paper.
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According to the results mentioned above, we discovered
that a possible dynamic mechanism of brain information
processing is just a method of the energy coding. Due to the
energy coding model’s ability to describe mechanisms of
brain information processing in biophysical terms, this idea
and method can be applied to future research of information
encoding in neural ensembles as well as cognitive func-
tioning. In subsequent work many quantitative neural mod-
els and analytic results will be given by means of principle of
energy coding. For example, using the principle of energetic
superposition, we have obtained an evolution of the energy
coding principle by observing neuronal ensembles as we
varied the intensity of external stimulation continuously,
which results in subsets of neurons firing action potentials at
supra-threshold and others simultaneously perform activities
at sub-threshold level in neural ensembles (Wang and Zhang
2006). It should be pointed out that the main difficulty and
defect of phase encoding is that a lot of useful neural infor-
mation will be lost for a population of low-dimension non-
linear mutually coupled neurons (Wang 2003; Wang et al.
2006), but in the frame of energy coding we can use the
principle of energetic superposition for high-dimension
nonlinear mutual coupled dynamic system (Zhu 2003). An
advantage of the energy principle is that this loss of infor-
mation does not occur for the dynamic system. Frequency
coding and the energy coding also share a corresponding
relationship. This is because the energy coding can be used to
describe the intensity of frequency coding; however,
frequency coding is only an interpretation of experimental
results (Purushothman and Bradley 2005), and energy
coding can describe a rule for neural information processing
in terms of a biophysically reasonable model. By means of
the principle of the energy coding, we can understand how
some neurons to fire action potentials at supra-threshold and
simultaneously other neurons perform activities at sub-
threshold in neural ensembles. For each mode of activity the
members continuously change in a stochastic dynamic way,
so that this kind of neural model constructed with the energy
principle can completely describe an evolutionary process of
neural coding (Wang and Zhang 2006). We are going to
further study the effects of distribution functions of the en-
ergy coding model on neuronal populations in temporal and
spatial variation states. These distribution functions can ex-
press a direct relationship between the functional connection
within biological neural networks and energy consumption.
Hence, these distribution functions possess very important
consequences by providing a sound biophysical framework
for metabolic studies of neural activity, fMRI and PET
(Mayhew 2003; Taylor 2003). We are aware of no other
theory that provides such a theoretical basis for these studies.

Acknowledgements This work was supported by the National
Natural Science Foundation of China (Grant No.30270339)

References

Arbib MA (2002) The handbook of brain theory and neural
networks. The MIT Press, Cambridge, Massachusetts, London,
England

Crotty P, Levy WB (2005) Energy-efficient interspike interval codes.
Neurocomputing 65-66:371-378

Freeman WJ (2000) Neurodynamics. Springer-Verlag, Berlin

Haken H (1996) Principles of brain functioning. Springer, Belin

Hyder F, Rothman DL, Shulman RG (2002). Total neuroenergetics
support localized brain activity: implications for the interpreta-
tion of fMRI. Proc Natl Acad Sci, USA 99:10771

Jiao X, Wang R (2005) Nonlinear dynamic model and neural coding
of neuronal network with the variable coupling strength in the
presence of external stimuli. Appl Phys Lett 87:083901

Jiao X, Wang R (2006) Synchronization in neuronal population with
the variable coupling strength in the presence of external
stimulus. Appl Phys Lett 88:203901

Mayhew JEW (2003) A measured look at neuronal oxygen
consumption. Science 299:1023

John G, Robert A, Bruce G, Wallace NM (2000) From neuron to
brain. Sinauer, USA

Koch C, Segev I (1998) Methods in neuronal modeling. The MIT
Press, Cambridge, Massachusetts, London, England

Laughlin SB, Sejnowski TJ (2003) Communication in neuronal
networks. Science 301:1870

Levy WB, Baxter RA (1996) Energy efficient neural codes. Neural
Comp 8:531

Levy WB, Baxter RA (2002) Energy-efficient neuronal computation
via quantal synaptic failures. J Neurosci 22(11):4746

Mata M, Fink DJ, Gainer H, Smith CB, Davidsen L, Savaki H,
Schwartz WJ, Sokoloff L (1980) Activity dependent energy
metabolism in rat posteria pituitary primarily reflects sodium
pump activity. Neurochem J 34(1):213

Purushothman G, Bradley DC (2005) Neural population code for fine
perceptual decisions in area MT. Nature Neuroscience 8:99

Quiroga RQ, Reddy L, Kreiman G, Koch C, Fried I (2005) Invariant
visual representation by single neurons in the human brain.
Nature 435:1102

Raichle ME, Gusnard DA (2002) Appraising the brain’s energy
budget. Proc Natl Acad Sci PNAS 99(16):10237-10239

Schwartz WJ, Smith CB, Davidsen L, Savaki H, Sokoloff L, Mata M,
Fink DJ, Gainer H (1979) Metabolic mapping of functional
activity in the hypothalamo-neurohypophyseal system of the rat.
Science 205:723

Smith AJ, Blumenfeld H, Behar KL, Rothman DL, Shulman RG
(2002) Cerebral energetics and spiking frequency: the neuro-
physiological basis of fMRI. Proc Natl Acad Sci PNAS
99(16):10765-10770

Stein RB, Gossen ER, Jones KE (2005) Neuronal variability: noise or
part of the signal? Nature Rev Neurosci 6:389

Taylor JG (2003) Paying attention to consciousness. Progr Neurobiol
71:305

Wang R (2003) In: Application of the stochastic structural dynamics
in neuronal activity. Proceedings of the fifth international
conference of stochastic structural dynamics. CRC Press, USA,
pp 453

Wang R, Jiao X (2006) A stochastic nonlinear evolution model and
neural coding on neuronal population possessing variable
coupling intensity in spontaneous behavior. Neurocomputing
69:778

Wang R, Zhang Z (2003) Nonlinear stochastic models of neurons
activities. Neurocomputing 51C:401

Wang R, Zhang Z (2005) On energy principle of couple neuron
activities. Acta Biophysica Sinica 21(6):436—442

@ Springer



212

Cogn Neurodyn (2007) 1:203-212

Wang R, Zhang Z (2006) Acta Biophysica Sinica. In: Proceedings of
the second conference on brain and cognitive science. 22(2):132

Wang R, Hayashi H, Zhang Z (2003) An exploration of dynamics on
moving mechanism of the growth cone. Molecules 8:127

Wang R, Yu J, Zhang Z (2006) A Neural model of cognitive process.
Adv Neural Network Part 1:50-59

@ Springer

Wilson RA, Keil FC (1999) The MIT encyclopedia of the cognitive
sciences. The MIT Press, Cambridge, Massachusetts, London,
England

Zhu WQ (2003) Nonlinear stochastic dynamics and control. Science
Press, Beijing



	Energy coding in biological neural networks
	Abstract
	Introduction
	Biophysical model
	Circuit equations
	The numerical analysis of the biophysical model �and comparison of neuro-electrophysiological results
	The numerical simulation of EPSP and IPSP
	The numerical simulation of action potential �at supra-threshold level
	Acknowledgements
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


