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Abstract

We develop a generalized variational method for analyzing wandering bumps in
a stochastic neural field model defined on some domain U. For concreteness,
we take U = S! and consider a stochastic ring model. First, we decompose the
stochastic neural field into a phase-shifted deterministic bump solution and a
small error term, which is assumed to be valid up to some exponentially large
stopping time. An exact, implicit stochastic differential equation (SDE) for the
phase of the bump is derived by minimizing the error term with respect to a
weighted L?(U, p) norm. The positive weight p is chosen so that the error term
consists of fast transverse fluctuations of the bump profile. We then carry out a
perturbation series expansion of the exact variational phase equation in powers
of the noise strength /¢ to obtain an explicit nonlinear SDE for the phase
that decouples from the error term. Solving the corresponding steady-state
Fokker-Planck equation up to O(e), we determine a leading-order expression
for the long-time distribution of the position of the bump. Finally, we use
the variational formulation to obtain rigorous exponential bounds on the error
term, demonstrating that with very high probability the system stays in a small
neighborhood of the bump for times of order exp(Ce™1).

Keywords: stochastic neural fields, stationary bumps, stochastic differential
equations, spatially extended noise, neural variability, variational principle

1. Introduction

Neural field theory concerns the analysis of nonlinear integro-differential
equations arising from a coarse-grained continuum model of spatially-structured
neural tissue. The associated integral kernels represent the spatial distribution
of neuronal synaptic connections. Neural fields are an important example of
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spatially extended excitable systems with nonlocal interactions, and exhibit a
wide range of self-organizing spatiotemporal patterns analogous to those found
in nonlinear partial differential equation (PDE) models of diffusively coupled
excitable systems [30, 16]. For recent reviews see [7, 8]. One topic of current
interest is how these patterns are affected by the addition of spatially extended
noise terms [45, 29, 46, 41]. Much of the recent focus has been on traveling fronts
and bumps (stationary pulses) in one-dimensional neural fields. The analysis of
stochastic fronts was originally developed using formal perturbation methods [6,
51, 9], and was subsequently extended to the case of wandering bumps in single-
layer and multi-layer neural fields [31, 32, 34]. There have also been a number
of more rigorous functional analytic treatments of stochastic neural waves. For
example, Faugeras and Inglis [22] addressed the issue of solutions and well-
posedness in stochastic neural fields by adapting results from stochastic partial
differential equations (SPDEs). Stannat et al [36, 38, 39] developed a rigorous
treatment of the multi-scale decomposition of solutions, Inglis and Maclaurin
[28] introduced a variational method that allows one to obtain rigorous bounds
on the size of deviations from the underlying deterministic solution, and more
recently, Hamster and and Hupkes [27] define a wave-position that agrees with
the definitions in [36, 38, 39, 28] to linear order. A well-written recent review
can be found in [37].

A common thread through all of these treatments is that in the case of a
homogeneous neural field, a bump or wave solution is marginally stable with
respect to uniform spatial translations. This means that one has to treat lon-
gitudinal and transverse fluctuations of the bump or wave separately in the
presence of noise. This is implemented by decomposing the stochastic neural
field into a deterministic bump or wave profile, whose spatial location has a
slowly diffusing component, and a small error term. (There is always a non-zero
probability of large deviations, but these are assumed to be negligible up to
some exponentially long stopping time.) However, this decomposition is non-
unique unless an additional mathematical constraint is imposed. Within the
context of formal perturbation methods, the latter takes the form of a solv-
ability condition that ensures that the error term can be identified with fast
transverse fluctuations, which converge to zero exponentially in the absence of
noise. One advantage of formal perturbation theory is that it provides a rel-
atively straightforward method for deriving an explicit stochastic differential
equation (SDE) for the diffusive-like wandering of the deterministic component
in the weak noise regime. However, it is not rigorous and does not provide
bounds on the size of transverse fluctuations. Therefore, in this paper, we show
how the explicit results of formal perturbation theory can be derived more rig-
orously using variational methods. This requires generalizing the analysis of
[28] by taking perturbations to belong to the Hilbert space L?(U, p) for an ap-
propriately chosen weight p, rather than L?(U), where U is the spatial domain
of the neural field. That is,

(u,v), = /Mu(z)v(x)p(:r)d:c < oo, wu,v€L*U,p).



Fixing p is the additional mathematical constraint necessary to uniquely specify
the amplitude-phase decomposition. p is chosen to ensure that the dynamics
is linearly stable about the bump centered at position 5, where 8 is the bump
position that minimizes the norm weighted by p. In other words, to leading order
in the perturbation, p is such that in the absence of any noise, the solution would
converge to Ug (the bump centered at ) as t — oco. p also ensures that the
linearized dynamics about Ug is self-adjoint with respect to the weighted inner
product. (Note that the idea of using a variational principle with a weighted
norm was previously introduced by the authors to study stochastic limit cycle
oscillators [10, 11]. In the latter case, marginal stability arises from phase-
shift invariance around the limit cycle, and the weighted norm ensures that the
amplitude is projected on to Floquet vectors.) For concreteness, we develop
the theory by considering wandering bumps in a stochastic ring model, which
was previously analyzed using perturbation methods in [31, 13]. An advantage
of the ring model is that the spatial domain U = S! is compact, which means
that the spectrum of the linear operator obtained by linearizing about a bump
solution is discrete. As a further generalization of [28], we also include a weak
external stimulus h that can pin the location of the peak or phase of the bump
in the absence of noise.

The paper is organized in follows. In section 2 we briefly review the analysis
of the deterministic ring model, considering both the existence and stability of
bump solutions. In section 3 we turn to the variational analysis of wandering
bumps in a stochastic ring model. We derive an exact, implicit SDE for the phase
of the bump by minimizing the error term with respect to a weighted L2(U, p)
norm. The positive weight p is chosen so that the error term consists of fast
transverse fluctuations of the bump profile. We then carry out a perturbation
expansion of the exact variational phase equation to obtain an explicit nonlinear
SDE for the phase which is accurate to O(e), where € is the noise strength
(section 4). Taking the homogeneous synaptic weight distribution and external
input to be first-order harmonic functions on the ring with A = O(/€), one
finds that the leading order phase equation reduces to a von Mises process,
see also [13]. The steady-state phase density is given by a classical von Mises
distribution [40, 17] and the wandering of the bump is unbiased. This result
was previously obtained using formal perturbation methods [31, 13]. Finally,
we use the variational formulation to obtain rigorous exponential bounds on the
error term (section 5). This is a major improvement on our previous result in

Corollary 6.4 in [28].

2. Stationary bumps in the deterministic model ring model

Consider the deterministic neural field equation on the ring S*:

T% = —U(G,t)+/ﬂ JO —0)F(u(@,1)dd +h(®)  (2.1)

—T

where u(6,t) denotes the activity at time ¢ of a local population of cells with
direction preference 0 € [—m,m), J(0 — 6’) is the strength of synaptic weights



between cells with direction preference 6’ and 6, and h(6) is an external stimulus
expressed as a function of 6. (Most applications of the ring model take 6 €
[0, 7] and interpret 6 as the orientation preference of a population of neurons
in primary visual cortex, see for example [2, 3].) The weight distribution is a
27-periodic and even function of 6 and thus has the cosine series expansion

J(0) = Z Jp, cos(nd). (2.2)

For analytical simplicity, we assume that there are a finite number of terms in
the series expansion. Finally, the firing rate function is taken to be a sigmoid

1

f(u) = [Epe=omm g (2.3)
with gain v and threshold x.

The existence and stability of deterministic bump solutions has been ana-
lyzed elsewhere [31], so we just state the main results here. We fix the time-scale
by setting the time constant 7 = 1. First, suppose that there are no external

inputs (h = 0) and consider an even stationary solution
N
u(0,t) = U(0) = > Ay cos(nd). (2.4)
n=0

The latter U(0) satisfies the integral equation

U) = / J(O—0")f(U6))ds' . (2.5)
with U(0) = U(—0). Expanding the weight function as a cosine Fourier series
one obtains the self-consistency conditions

” N
A, = Jn/ cos(nb) f (Z A cos(l9)> de. (2.6)

-7 n=0

For the general sigmoid function, the coefficients A,, could be obtained using a
numerical root finding method. One way to ensure a unimodal direction tuning
curve (stationary bump) is to take J(0) = cos(#) so that A; = A, A; = 0 for all
I# 1 and U(0) = Acos(f) with

A= cos(0) f(U(8))do. (2.7)
The amplitude A can be calculated explicitly in the large gain limit v — oo, for
which f(u) — H(u — k), where H is the Heaviside function [31]. One finds a
pair of bumps, a marginally stable large amplitude wide bump and an unstable
small amplitude narrow bump, consistent with the original analysis of Amari

1.



Linear stability of the stationary solutions can be determined by considering
weakly perturbed solutions of the form u(6,t) = U(0) + v (0)e for [1(6)| < 1.
Substituting this expression into equation (2.5) and Taylor expanding to first
order in 1 yields the equation [31]

T

O+ 1)3(0) :/ J(0— 0)F/(U(0))b(0)de. (2.8)

—Tr

This can be reduced to a finite-dimensional eigenvalue problem using equation
(2.2). In the specific case J(0) = cosf, we have [31]

(A4 1D)y(0) = Acos(0) + Bsin(6), (2.9)
where
A= j cos(0) f/(U(0)yp(0)dd, B= :T sin(0) f(U(0))v(0)d6. (2.10)

Substituting equation (2.9) into (2.10) yields a matrix equation for the coeffi-
cients A and B, from which one obtains the pair of eigenvalues

=0, A= 2/7r F(U(6))do — 2. (2.11)
0

The zero eigenvalue is a consequence of the fact that the bump solution is
marginally stable with respect to uniform shifts around the ring; the generator
of such shifts is the odd function sinf. The other eigenvalue ). is associated
with the generator, cos 6, of expanding or contracting perturbations of the bump.
Thus linear stability of the bump reduces to the condition A, < 0. This can be
used to determine the stability of the pair of bump solutions in the high-gain
limit [31]. (Note that there also exist infinitely many eigenvalues that are equal
to —1, which form the essential spectrum. However, since they lie in the left-half
complex A-plane, they do not affect stability.)

A variety of previous studies have shown how breaking the underlying trans-
lation invariance of a homogeneous neural field by introducing a nonzero ex-
ternal input stabilizes wave and bump solutions to translating perturbations
[23, 24, 21, 49, 31]. For the sake of illustration, suppose that h(6) = hg cos(f) in
the deterministic version of equation (2.1). This represents a #-dependent input
with a peak at § = 0. Extending the previous analysis , one finds a stationary
bump solution U(f) = A cos @+ hg cos 8, with A satisfying the implicit equation

™
A= / cos 0 f(Acosf + hgcos0)db. (2.12)
—T

Again, this can be used to determine both the width and amplitude of the bump
in the high-gain limit. Furthermore, it can be established that for weak inputs,
the bump is stable (rather than marginally stable) with respect to translational
shifts [31]. The pinning of bumps can also occur in the presence of heterogeneous
weights; this also provides a mechanism of restricting the diffusion of noisy
bumps at the cost of some information loss [33].



3. Stochastic ring model and the variational method

Consider a stochastic version of the ring model given by

Tdu(0,t) = |:—u(9,t)+ ’ J(O—0)f(u(@,t))d0" +nh(0)| dt

—T

+/e®@(u(0,t))dW (0,1), (3.1)

where u(6,t) now denotes the stochastic activity at time ¢ of a local population
of cells with direction preference 6 € [—m,7), and we have rescaled h(6) by the
parameter n which determines the amplitude of the input. The final term on
the right-hand side represents external multiplicative noise in the Ito sense, with
W(0,t) a Q-Wiener process and e the noise strength. In particular, we write

E[W(0,t)] =0, E[W(O,)W(0,s)]=q(0,0)sAt, (3.2)

q : St x S! — R is continuous (with units of inverse time) and such that
Jsi Jsr a(0,60")a(0)a(0')dOdd’ > 0 for any continuous a : S — R, and s At
denotes min{s,¢}. The noise is thus colored in # (which is necessary for the
solution to be spatially continuous) and white in time. We also require that
q(6,0") = q(0',0) for it to be a well-defined covariance. (One could also take
the noise to be colored in time by introducing an additional Ornstein-Uhlenbeck
process.) We write the integral operator on L?([—7,7]) corresponding to ¢ as

Qam::/wqwﬁvawww7 (3.3)

—T

noting that @ must be positive semi-definite. We will assume throughout that
the input amplitude n = O(e?) for some p > 0. As we will see later, the choice
of p will determine whether the network is noise or stimulus dominated in the
weak noise regime (0 < e < 1).

Introducing the notation

’U,(,t) = Ug, th = dW(Q,t),
we rewrite equation (3.1) in the more compact form
dut = [—’th + .F(Ut) + nh]dt + ﬁ@(ut)th, t> 0, (34)

where
™

fwowr:/ J(6— 0) £ (ur(8))de. (3.5)

—T

Introduce the Hilbert space H = IL?(S!, p) of periodic functions on [—7, 7] with
generalized inner product

<m@p=/WQWWWWWM& g keH (3.6)

—T



where p is a positive periodic function. For the moment we will keep p arbitrary.
Later on we will determine p uniquely by considering the weak noise limit. In
the following we will denote the inner product for p = 1 by (g, k).

In the presence of noise we wish to decompose the solution u; into two
components: the ‘closest’ point of the marginally stable manifold to u; for a
stochastic phase (§;, and a periodic error term wv;:

u = Up, + Vevr, Uy(0) :=U(0+ a). (3.7

We emphasize that this decomposition is well-defined for strong noise. However
in the case of strong noise, the time that the system spends in a neighborhood
of the bump is much less.

We determine B; by requiring that it satisfies the following variational prob-

lem:

f ||T, Ul = |T7 u — U, 3.8
ae}\r} IT; Yuy = Ul = T3 e = U (3.8)
where T, is the translation operator T,u:(0) = u (0 + a) with T;! = T_,,
N(B;) is a sufficiently small neighborhood of 3;, and for any periodic function

g(0) _
19l = (g, 9), = / p(0)g(6)%db. (3.9)

—T
There exists an exact analytic expression for the SDE giving the dynamics of
the B; (locally) minimizing (3.8), until when the curvature of the local minimum
hits zero and the local minimum might disappear. This expression is exact for
all values of . From the shift invariance of the inner product, we can recast
the variational problem as

inf  |ur — Uglla = ||ur — Ug, || 55 3.10
L o= Ul =~ Ul 310
where .
l9l2 = [ pu(®)9(6)%d. (311)
and p,(0) = p(0 + a). We also write (g, f)a = |7 pa(0)g(8)f(0)do.

We can find an exact SDE for §; (up to a stopplng tlme 7 that we specify
precisely in (3.16)) by considering the first derivatives

Glzsa)i= oo = Uall = =2 (= Un U, + [ A(0):(0) ~ Ua(6)P0.
o (3.12)
Define M € R according to

M(z,a) = 16—6'(2 a).

The shift invariance of the system implies

0= (U Ua)y = 2(Ua, U, + / p(8)U (6)2de,

—T



which means that

Glava) == 2(2.00), + [ 007 - 2:(0)U.(0)) a0
S 2% (z,Ua)q + /7; 0l (0)2(0)%d6. (3.13)
Hence,
M(z,a) = —% (2,Ua), + % /j Pl (0)z(0)*do (3.14)

It can be seen that M is the curvature at the local minimum. At the local
minimum, it is necessary that

Assume that initially M(ug, 8o) > 0, which is sufficient for 5y to be a strict
local minimizer of (3.10). We then seek an SDE for g; that holds for all times
less than the stopping time 7

7 =inf{s > 0: M(us, Bs) = 0}. (3.16)

The implicit function theorem guarantees that §; exists until this time. To
see why this is the case, for any particular 8y, as long as M(us, 8s) > 0, then
since M (us, Bs) is the derivative of G(uy, 8;) in the second variable, the implicit
function theorem implies. Thus we can find a §; satisfying (3.15) in some
neighborhood of ;.

In order to derive the SDE for f3;, we apply Ito’s lemma to the identity

th = dG(Ut, 6,5) = O, (317)
with dus given by equation (3.4). We take df; to satisfy an SDE of the form
dBy =V (uy, Br)dt + e (B(ut, Br), ®(ur)dWy) (3.18)

for functions V' and B that we determine below. (Since §; is independent of
0 € (—m,w], V is a functional of u;.) Using equation (3.13), dG is found to be

th - —22 <dUt, Ua>

+2 / Pl 1 (0) g (6)d6 + 2M (uy, By) A,
a=p4 -7

da e
10°G T
PG s+ / Pl (8)duy(8) duse (6)d6
a a=p -
™ 32
+ 2dﬂt / p,,ét (O)ut(ﬁ)dut(ﬁ)dﬂ — 2w<dut, Ua>a dﬂt (319)
-n a=p4

Note that we only include the dt contributions from the quadratic differential
terms involving the products du;dS; and df;dS;, which are also known as cross-
variations. For example,

dpdpi=e <‘1)(Ut)]§(ut7 5t), Q@(ut)g(ut, ﬂt)> dt, (3-20)



where B(uy, 8;) = B(ug, B)ps,. Substituting equations (3.4) and (3.18) into
equation (3.19) yields an SDE of the form

dGy = V(uy, Br)dt 4+ /e (B(uy, Bt), P (ur)dWr) . (3:21)

In order that (3.17) is satisfied, we require both terms on the right-hand side of
the above equation are zero, which will determine V' and B.
First, we have

0:= % (B(ut, Bt), P(ur)dWr) 5,

= M(Ut, ﬁt) <B(Ut, ﬁt), ‘I)(Ut)th> — % (@(ut)th, Ua>a ‘
+ (plg, ue, (ug)dWy).

a=p4

Since for all times less than 7, M(us, 8;) > 0, we have

B(ug, ) = M~ (uy, B¢) Xy, (3.22)
where
Xo = (ps.Us,) — pla, e (3.23)
Second,
0:=V(ug, B)dt =2 [M(ug, Br)V — k(ue, Be)] dt, (3.24)
with

k= (—u + F(ug) +nh, Xy) dt

™ 2
- 1/ p/ﬁt (G)dut(a)dut(e)da - la G }a:,@tdﬂtdﬂt

2 . 4 da?
™ y 82
— dﬂt [ﬂ pﬁt (ﬁ)ut(G)dut(G)dQ + @@lut, Ua>a|a:ﬁtd6t. (325)

The cross-variations in equation (3.25) can now be evaluated using equation
(3.4), (3.18) and equation (3.22):

dﬁtdﬂtéﬁ/\/{_g(uh Bt) (@(ut)Xt, Q(I)(ut)Xt> dt7 (326&)

s

/ " ot (0)dun (6)duy(6)d0 = / 2(0.0)0l5, () (uy(6)) 2, (3.26b)

—T —T

dp; [ " P, (0)uy (0)duy (0)d0 = eM™ (g, Be) (@ (ur) pls, ur, QP (u) X)), (3.26¢)

82
@<dut, Ua>a

2
ag; = 5M1(Uta/8t)<Qq)(Ut)Xtv ®(Ut)§cﬁ(PaUa)|a_ﬁt>7
(3.26d)

a=p4



It follows that the drift term V is given by

V(ug, Bt) = Mfl(utaﬂt)’i(uhﬂt) (3.27)

We thus obtain the following SDE for the phase shift g;:

dp; = m (H(Ut»ﬂt) + \ﬁ<Xt’ (I)(Ut)th>) ) (3~28)
where x can be decomposed as
k(ug, Br) = (—ug + Fur) +nh, Xy) + er1(ug, Br), (3.29)

with k1 containing all of the cross variation terms in (3.25). Equation (3.28) is an
exact SDE for 8¢, which holds for arbitrary levels of noise € up to some stopping
time that depends on e (assuming n = O(e?)) [28, 10]. One can also derive a
corresponding equation for the amplitude v; using the fact that /ev, = u,—Usg,,
so from Ito’s lemma

1
ﬁd’l}t = dut — Uét dﬁt — éU//t dﬂtdﬁt (330)

Of course, as they stand, equations (3.28) and (3.30) are implicit equations,
since they assume that the full solution u; is known. Moreover, the weight p
of the modified L? norm has not yet been specified. In the following, we will
use the implicit equations to obtain two important results, and in the process
determine an appropriate choice for p. First, in section 4 we will derive an
explicit closed SDE for the phase in the weak noise limit, which recovers the
results of formal perturbation theory [31, 13] within a more rigorous setting.
Second, we will then derive a higher order closed SDE for the phase, which is
necessary in situations where the magnitude of the noise is at least of the order
of the stimulus. Third, we will derive rigorous bounds on the expected time of
transverse fluctuations to escape a neighborhood of the bump solution, based
on a modification of the analysis of [28], see section 5.

4. Weak noise limit

The derivation of the variational phase equation does not require € (and
hence n = O(€?)) to be small. However, in order to ensure that the amplitude-
phase decomposition remains valid for exponentially long time-scales, the noise
and inputs have to be sufficiently weak, see section 5. In this section, we use
perturbation theory to derive an explicit, closed SDE for the phase in the weak
noise regime. The form of the phase equation will depend on the choice of p.
We will consider the simplest case for which 7 = /e so that O(e) contributions
to the drift can be dropped. In particular, we can neglect the cross-variation
terms arising from Ito’s lemma and terms coupling the amplitude and phase.

10



4.1. Perturbation expansion to leading order in /€

Set n = y/e. Substituting the decomposition u, = Ug, + v/ev; into the left-
hand side of equation (3.29), Taylor expanding in /€, and using the stationary
condition (2.5) gives X; ~ pg,Uj, and

w(u, Br) = Ve (Lp,oe, Up, )y + Ve (hUp )y + O(ef1 + Iluel*}),

where Lg is the following linear operator acting on L?(S*):

Lsv(6,t) = —u(6,1) + / 10— ) (U@ - B)o(@,0de’,  (4.1)
It can be shown that the operator Ly has a 1D null space spanned by U’(6). The
fact that U’(0) belongs to the null space follows immediately from differentiating
equation (2.5) with respect to . Moreover, U’(6) is the generator of uniform
translations around the ring, so that the 1D null space reflects the marginal
stability of the bump solution. (Marginal stability of the bump means that
the linear operator Ly has a simple zero eigenvalue while the remainder of the
discrete spectrum lies in the left-half complex plane. The spectrum is discrete
since S! is a compact domain.) The corresponding adjoint operator with respect
to (-) is

Lgu(e,t) =—v(0,t)+ f(UO - B)) / J(O— 0" t)dd'. (4.2)

—T

It follows that (Lg,v;, U@ﬁt = (v, L}, Ub,ps. ).
Next, to leading order, equation (3.14) reduces to

T

™ 2
M(zv0) = = [ U0 S oaO)U,0)}d+ 5 [ o000

—T —T

- [ wostnou.lo- [ sov.0u o

—T —T

= [ aowiora = [ s ora=r, (43)

—T —T

after integrating by parts and using translation invariance, and

Blug, Br) = M~ ug, B){p(Be)Up, — p'(Be) (ue — Up,) } =~ M~ (uy, Be) p(Be)Up, -

Hence, the leading order form of equation (3.28) becomes

dﬁt = \r(f |:<’UtvIL’I3t Uétp5t> + <h" Uét>ﬂti| dt + \/gth’ (44)

where

AW, L, (®(Us,)dW,, Up,)

Bt
= 1t [ e - w00 - fplo — ). (45)

—T

11



It follows that
E[dW,] =0, E[dW,dWy] = 2D(B,)(t — t')dt'dt,

with state-dependent diffusivity

Tz / / Np(0)p(8")B(U(6))D(U(0'))qs(0,6")do’ db,

(4.6)
where
43(6,6) = a(6 — 5,6 — B).

Hence, for a general correlation function ¢(6,6"), the noise is multiplicative (in
the Tto sense). Note that if ¢(6,0") = ¢(f —6") with ¢ an even, periodic function,
then ¢(6,60") = q(0 — ¢’) and D is a constant.

Now suppose that we take the weight of the inner product to be defined
according to

U'(0)p(0) = V(0), (4.7)

where V is the (unique) null vector of the adjoint operator IL;S, that is, }LEV =0.
Within the context of the variational method, this choice of weight ensures there
is a spectral gap for the linear operator Ly, which can be used to obtain rigorous
bounds on the growth of the error ||v:||, see section 6.

4.2. Homogeneous noise

In the case that ¢(0,0") = (6 — '), the law of the phase equation in (4.4)
corresponds to the law of the following SDE that was previously obtained using
formal perturbation methods [6, 31, 13]:

dB; = VeH(By)dt + V2eDAW;, (4.8)
where .
HB)=T"1 [ V(OO - B)db, (4.9)

for H(S8 + 27) = H(B), with

= ' V(O)U'(0)de, (4.10)

W (t) is a Wiener process,
E[dW;] =0, E[dW,dWy]=6(t —t')dt dt,

and the diffusivity is

Tore [ﬂ/ q(0 — 6")do’do. (4.11)

Note that D has units of radians? per unit time.

12



For the sake of illustration, let .J(f) = cosf and h(f) = hgcos(d — (). In
this particular case, one finds that, up to scalar multiplications, [31, 13]

V() = f'(U(9))sinf, U(H) = cos®. (4.12)

It can now be shown that the SDE (4.8) reduces to [13]

_ h
dB, = —/eAsin(B, + B)dt + V2eDdW,, A = XO > 0. (4.13)
The latter SDE is known as a von Mises process, which can be regarded as
a circular analog of the Ornstein-Uhlenbeck process on a line, and generates
distributions that frequently arise in circular or directional statistics [40, 17].
Introduce the probability density

p(B,t|Bo, 0)dB = P[8 < B(t) < B+ dB|B(0) = Bol.

This satisfies the forward Fokker-Planck equation (dropping the explicit depen-
dence on initial conditions)

ap(B,t)
ot

2
= %[ﬁ/\ sin(B + B)p(B,1)] + ED%;JQ (4.14)

for p € [—m, ] with periodic boundary conditions f(—m,¢) = f(m,t). It is
straightforward to show that the steady-state solution of equation (4.14) is the
von Mises distribution p(8) = M(S; 8,£/+/€) for & = ho/AD, where

M(B;3,2) = 27?]10(7;) exp (z cos(B + ﬁ)) , (4.15)

where Io(x) is the modified Bessel function of the first kind and zeroth order
(n = 0). Sample plots of the von Mises distribution are shown in Fig. 1.
One finds that p(8) — 1/27 as & — 0; since £ ~ hg this recovers the uniform
distribution of pure Brownian motion on the circle. On the other hand, the von
Mises distribution becomes sharply peaked as & — oo. More specifically, for
large positive k,

1 _ 312 o _

We thus have an explicit example of the noise suppression of fluctuations by
an external stimulus, since 02 o< 1/hg. This particular issue is explored further
elsewhere [13].

5. Bounding the growth of the error ||v:]|

Recall that the error term is defined to be y/evy := u; —Upg, (we have omitted
the scaling factor of /e from v;). Extending previous analyses [28, 10], the
variational method can be used to derive bounds on the growth of the error

13



von Mises distribution

phase  (radians)

Figure 1: Sample plots of the von Mises distribution M(3;0,&) centered at zero for various
values of k.

[vell, for the L?(U, p) norm, given that the linear operator L = —1 + F’ is
linearly stable with respect to transverse perturbations that are orthogonal to
the tangent space of the manifold. The main aim of this section is to demonstrate
that the probability of the system leaving a neighborhood of width a of the bump
scales as exp(—Ca?e™ 1), for a constant C, which is formally stated in (5.9). This
means that, in the limit of small noise, one expects the system to stay close to
the manifold of translated bumps for exponentially long periods of time. Our
result is essentially a ‘Large Deviations’ estimate. We show that as long as the
cumulative stochastic perturbations over a time interval of O(b~!) are not too
large, then the stability of the manifold of bump solutions will always damp
down the stochastic perturbations. For simplicity, we assume that there is no
external stimulus (h = 0) in equation (3.1).

We proceed by deriving an SDE for ||v¢|| 5, using repeated use of Ito’s Lemma.
First, we have

™

d”’l}tH;t = 2<’Ut,d’l}t>ﬁt +dﬁt/ pl(9+ﬁt)’0t(9)2d0

—T

+ % dﬁtdﬁt/ p”(e +ﬁt)vt(9)2d9

—T

+  2dp; /ﬂ p/(9 + ﬂt)vt(ﬂ)dvt(Q)dG + (dvg, duy)g,, (5.1)

with dv; given by equation (3.30), that is,
1
\/Ed’l)t = d’U,t - Uétdﬂt - §U/Itdﬂtdﬂt, (52)

and du; satisfying equation (3.1). The latter can be re-expressed in terms of v;

14



so that (5.2) becomes

1
ﬁdvt = {ﬁlgtvt + K(\E’Ut, 5t)}dt + \E(I)th — U,étdﬂt — EUthﬁtdﬁt
(5.3)

where

K(w,a) :=F(Uqs +w) — F(Us) — F' (Us)w. (5.4)
and L, is the linear operator (4.1). Substituting equation (5.3) into the first
term on the right-hand side of equation (5.1), and using the fact that

2(vi, Up, ), = Ve [0/ (Be + 0)ui(0)*d6, (5.5)

which follows from the equation G(ut, ,Bt) = 0 as noted in (3.15), we obtain the
following result:

2
d ||Ut||?3t = {2(v¢, L, vi), + \f(vuK(\@vt,ﬁt»ﬁt + 3¢ bt +2(vy, ‘I’(Ut)th>5t,

where

™

Sydt = %dﬁtd,@t / 5 (04 BL)v.(6))°d6 + {dvy, dvy) s, (5.6)

—T
™

1
- %<’Ut, U/It >ﬂtd5td5t + Qdﬂt [W p/ (0 + Bt)vt (Q)dvt (9)d9

Applying Ito’s identity to the map x — /z, we find that
_ _ 1 _
1 - 1 1
dllvellg, = { loells, (ves Lig, ve)+e 2 ol (v, K(Veve, B))s 5 Nvellg, %o

—€ Hth/;tS (D (ur)ve, Q@ (ur)vr) 4 }dt + Ve ||Ut|\Et1 (vr, @(ur)dWy) , -

Taking p to be given by equation (4.7) ensures that there is a spectral gap,
see also [36, 39]. That is, the deterministic bump is linearly stable with respect
to perturbations that are orthogonal to the tangent space of the marginally
stable manifold. In other words, if v € L*(R, p) with (v, U’>p =0, then

(v,Lv), < =b]o]} (5.7)

for some b > 0. Using the spectral gap inequality, and the fact that

<(I)(ut)pﬁtvta Qq)(ut)/)ﬁtvt> > 07
we find that

_ _ 1, .
dlvillg, < { = bllvellg, +e 1/2 ||Ut||5t1 <vt,K(ﬁvt,ﬁt)>3t +5 HUtHﬂtl Sy}t
+Velvellz (vr, ®(u)dW) , . (5.8)
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The above SDE facilitates the following powerful probability bound on the
magnitude of ||v|| 5, exceeding some threshold. We will establish that there exists
¢, A > 0, such that for any p > 1 ,forall a € (ep A} and all € sufficiently small,
if [[vollg, < §, then for all T > 0

cba?
P{ sup [lvellg, 2a) <(Tb+1)exp| — — ). (5.9)

t€[0,T €
Our first step towards the above probability bound is to outline a set of events
that, together, imply that sup,c(o 7y [[ve]l 5, < a. Afterwards, we will show that
the probability of any of the events failing to hold scales as exp ( — cTaze_l)
for asymptotically small e. To this end, for ¢ € ZT, define t; = ib—!. Define the
event

tAT _ a
A= { s Ve [l o aua.), < } (5.10)
tE [t tisa] AT s 12
Define
T:inf{t>0: [[vell g, :a} (5.11)
1 ba
By =1 | [[vell 5, o < ) whenever |[v¢]|5, € [a/2,a] (5.12)

5, ={bupy ol (e K (Veve, o) < } (5.13)

Our next step is to establish that, writing Z = LTbJ7
z
{ o iy, <o} cBinBA )4 (5.14)
te(0,T] ie0

Let us suppose for a contradiction that 7 < T. Letting ¢ be such that 7 €
(ti7ti+1], define

a
r=maxqt;i—1, sup {|lvsllz == }
{ K SG[O,T){ Bs 2}

Since ||vs]|5, > § for all s € [z, 7), it follows from (5.8) that

ba ab ab a
a=|lvrllg, < llvallg, + (7—3:)(— Stg T 8) +3 (5.15)

since

Ve [l (o atu)aws), < (5.16)

for the following reason. If = € [t;, 7], then

Ve [ 1ol oy, | <[ Ve [ 3! s awoans,

S

RN

_ a a
" ‘ﬁ / Josl3” <vs,q><us>dws>ﬁs\ <Ll
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If x € [t;—1,t;], then
V[ el o ot < |V [l G ot |

t; x
Ve [ o o ptugaw |+ Ve [l (o e,

ti—1

<a+a+a a
- 12 12 12 4

Either way, it is clear that (5.16) holds.
Rearranging (5.15), we obtain that

3a ba(r — x)

el _

From the definition of z, there are two cases. The first case is that [[v[|5 €
(§,a) and & = t;_1. In this case, we find that

(5.17)

4 3a _
Tz < ba(””w”m - 4> <bl (5.18)

This contradicts the fact that 7 — 2 > b~'. The other case is that [lv.]l; = §
and x > t;_1. In this case, we obtain from (5.17) that

)

o< - 2) (5.19)

which is a contradiction since 7 — x > 0.

We have thus established (5.14). We must now bound the probability of
the events (5.10), (5.12) and (5.13) not holding. Equation (5.13) holds with
probability one, as long as A is sufficiently small. This is because, thanks to the
Cauchy-Schwarz Inequality,

[(ve, K(Vevr, B)) g, | < lvell, | K (Veve, B 5, < Cellvell, »

for some constant C' and u; being in some neighbourhood of Ug, by Taylor’s
Theorem. Hence

_ ba
§1<1p| Hv,5||5t1 <vt,K(\/Evt,ﬁt)>ﬂt| < Cea® < x (5.20)

for small enough e. Turning to (5.12), it can be shown that there exists a
constant Cy such that
2
IS < Co (14 l[wells, ).
In turn,
2 2
luells, < (IUs g, + Vellvellg, )
2
(1Tl + Vellvellg, )
2
< (10|l + Vea)
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for all t <7, as long as [[ve[|5, < a. We thus see that if [v;]|5, > . then

_ ba
1
Hvt”/gt |Et < g,

for all a sufficiently small. It thus remains for us to show that for some constant
c>0,

IP({ éAz}c) < (Tb+1)exp (—cba’e™ ). (5.21)

Clearly

p({ @4}) <Y B,

=0

It therefore suffices for us to show that
P(AS) < exp (— cba®e™ ). (5.22)

Fix i and define y; = ftAT

tiNT
if 7 <t If 7 € [t;tit1], then y = ftt:: <US,<I>(uS)dW5>BS. The Optional
Stopping Theorem implies that y; is a Martingale [44]. For a constant & > 0,
define z, = exp (ky;). The convexity of exp, together with the fact that y, is
a martingale, implies (through Jensen’s Inequality) that z; is a submartingale.
We now find that

1}»( p— ) }P’( > oxp (e ))
sup Yt = = Sup 2y Z exp
tG[ti,ti+1] ! ]‘2\/E tE[tith—l] ! 12\/E

<E [ztiﬂ] exp (— 15?/%),

through Doob’s submartingale inequality [47, Page 54]. Now, by assumption, ®
is bounded. It follows from the Cauchy-Schwarz Inequality that

Ps 1= ”U‘:HE? <<I)(us)p,83'USa be(us)pﬂsvs>

is also bounded by (say) C3 for all s < 7. To see this, observe that

(@ (us)ps, vs: QB(us)pp, vs)| < QIR () ps, vsll* < QI 1B (us)ps. I llvs ]I

Hence

<vs,¢>(us)dW3>ﬁ‘. Clearly y; is identically zero

tit1 AT 2 tip 1 NT 2 tip1NT

E[Zti+l] = E[exp (H/ <Us; q’(us)dWs>5s — % (bgds + %

tiNT tiNT tiNT

tip1NT /‘132 tip I NT /4:2
< E[exp (/ﬁ/ <vs, @(us)dWS>B - —/ ¢§ds)] exp (C'3
tiNT s 2 ti AT 2b
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since the content of the expectation is a supermartingale (one can use Ito’s
Lemma to show that the time-derivative of the expectation is zero). From
another point of view, the content of the expectation is a Girsanov exponent, and
since ¢, is uniformly bounded Novikov’s Condition applies and the expectation
is just one [47]. We thus find that

a K2 Ka
P{ sup y > > < exp <02— >
(te[ti,tiﬂ] ‘ 124/ 26 % 12\/e

To optimize the above bound we choose k = 12“\@%, and obtain that
3

]P( sup Yy > “ ><e p( ca2b)
paiy PN — X - 9
tE[ti,tiv1] ! 12./e €

for a constant c¢. We have thus proved (5.22).

6. Discussion

In this paper we developed a generalized variational method for analyzing
wandering bumps in a stochastic ring attractor model. We decomposed the
stochastic neural field into a phase-shifted deterministic bump solution and an
error term. We derived an exact, implicit stochastic differential equation (SDE)
for the phase of the bump by minimizing the error term with respect to a
weighted L2(U, p) norm. The positive weight p was chosen so that the error term
consists of fast transverse fluctuations of the bump profile. We then carried out
a perturbation expansion of the phase equation to obtain an explicit nonlinear
SDE on the circle. Finally, we used the variational method to derive rigorous
bounds on the error term, establishing that the latter remains small up to some
exponentially large stopping time.

There are a number of possible extensions of the current analysis. First,
one could consider separate excitatory and inhibitory populations (E-I neural
fields), as well as different classes of interneuron. One major difference between
scalar and E-I neural fields is that the latter can also exhibit time-periodic
solutions, which would add an additional phase variable associated with shifts
around the resulting limit cycle. The effects of noise on limit cycle oscillators
can be analyzed in an analogous fashion to wandering bumps [10]. A second
extension would be to consider higher-dimensional neural fields. For example,
one could replace the ring attractor on S' by a spherical attractor on S2, which
has been proposed as a model of orientation and spatial frequency tuning in
primary visual cortex [4, 5, 14]. Marginally stable modes would now correspond
to rotations of the sphere. (Mathematically speaking, these are generated by
the action of the Lie group SO(3) rather than SO(2) for the circle.)
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