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Abstract
Lévy flights describe a special class of random walks whose step sizes satisfy a
power-law tailed distribution. As being an efficient searching strategy in unknown
environments, Lévy flights are widely observed in animal foraging behaviors.
Recent studies further showed that human cognitive functions also exhibit the
characteristics of Lévy flights. Despite being a general phenomenon, the neural
mechanism at the circuit level for generating Lévy flights remains largely unclear.
Here, we investigate how Lévy flights can be achieved in attractor neural networks.
To elucidate the underlying mechanism clearly, we first study continuous attractor
neural networks (CANNs), and find that noisy neural adaptation, exemplified by
spike frequency adaptation (SFA) in this work, can generate Lévy flights representing transitions of the network state in the attractor space. Specifically, the strength
of SFA defines a travelling wave boundary, below which the network state displays
local Brownian motion, and above which the network state displays long-jump
motion. Noises in neural adaptation cause the network state to intermittently switch
between these two motion modes, manifesting the characteristics of Lévy flights.
We further extend the study to a general attractor neural network, and demonstrate that our model can explain the Lévy-flight phenomenon observed during
free memory retrieval of humans. We hope that this study will give us insight into
understanding the neural mechanism for optimal information processing in the
brain.

1

Introduction

Lévy flights, also termed anomalous diffusion or super diffusion, refer to a special class of random
walks whose step sizes follow a distribution with a long power-law tail. Mathematically, this
power-law tailed distribution is expressed as
p(x) ∼ x−1−α ,

(1)

where the step size x can be measured either in the spatial domain, e.g., the length of a movement,
or in the temporal domain, e.g., the time interval between successive events. The parameter α is
called the Lévy exponent satisfying 0 < α < 2. When α ≥ 2, the above process degenerates to
Brownian motion due to the Central Limit Theorem [1]. Compared to Brownian motion, whose step
sizes satisfy a Gaussian distribution, Lévy flights are much more likely to generate large step sizes.
Thus, it is often intuitively stated that Lévy flights are composed of frequent local motion (similar to
the Brownian motion) and intermittent long-jump motion (Fig. 1). In contrast to Brownian motion
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which tends to oversample a local area, Lévy flights with long jumps provide a more efficient way to
search for scarce targets that are randomly distributed in an unknown environment, and the highest
search efficiency occurs at α = 1 [2, 3, 4].
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Figure 1: Illustrations of Lévy flights and Brownian motion. (A) An example of Lévy flights generated
by sampling step sizes from Eq. (1), with α chosen between 0 and 2. (B) An example of Brownian
motion generated by sampling step sizes from Eq. (1), with a α larger than 2. Both Lévy flights and
Brownian motion showed here are generated with the same simulation duration, i.e., 200 time steps.
(C) The histograms of step sizes (x in Eq. (1)) of Lévy flights (blue) and Brownian motion (orange),
respectively. Notably, Lévy flights have ultra-long jumps which are absent in Brownian motion. (D)
The log-log plot of the histograms of step sizes in (C) shows that the distribution of Lévy flights
follows a power-law tail.

As being an efficient strategy for information search, Lévy flights have been widely observed in foraging behaviors across different animal species, ranging from microzooplankton [5] to drosophila [6],
and from albatrosses [7] to spider monkeys [8]. Similar foraging-like patterns are also observed
in human behaviors, e.g., individual mobility in the geographical scale [9]. Experimental studies
further revealed that Lévy flights also exist in human cognitive functions. For instance, it has been
found that the long tailed distribution holds for the saccadic eye movement in a random quenched
salience field [10], for the time interval between successive retrieved items in a free memory retrieval
task [11], and for the mental exploration of ‘bid space’ in Lowest Unique Bid Auctions (LUBA) [12].
Recently, an fMRI study unveiled that the dynamics of neural activation at the resting state of the
brain can also be characterized by Lévy flights [13]. In a more detailed study, Pfeiffer and Foster
showed that the awake reply trajectories of the hippocampal place cell ensemble in immobile rats
resemble superdiffusion dynamics [14], which is very similar to Lévy flights. Intriguingly, Lévy
flights have also attracted considerable attention in the deep learning community for modeling the
optimization process with the stochastic gradient descent (SGD) [15, 16, 17].
Despite that Lévy flights have been widely observed and that various computational models have
been proposed to account for their occurrences in different scenarios (see, e.g., [18]), the neural basis
for the brain generating Lévy flights remains far from resolved (see more discussions in Sec. 4). In
the present study, we will investigate the neural mechanism for generating Lévy flights at the circuit
level, i.e., how a neural network with appropriate biological features generates Lévy flights in the
space of information presentation. We hope that this study will help us to further understand the
emergence of Lévy flights in cognitive functions of humans.
Specifically, we will study attractor neural networks which model how information is represented
in neural systems [19, 20], and hence Lévy flights in the corresponding attractor spaces reflect
information processing in the brain. To elucidate the underlying mechanism clearly, we focus on
studying continuous attractor neural networks (CANNs), as this allows us to solve the network
dynamics analytically. The key characteristic of Lévy flights is the occurrence of intermittent long
jumps. In order to achieve this property, we consider noisy adaptation in the neural dynamics, which
is exemplified by spike frequency adaptation (SFA) in this work. The role of adaptation is to induce a
spontaneously moving state, called travelling wave, in the network dynamics, which occurs when
the strength of SFA exceeds a threshold. Thus, if the mean SFA strength is set slightly below the
threshold, noises in adaptation will occasionally push the SFA strength to exceed the threshold.
Consequently, the network state will temporarily fall into the travelling wave state and experience a
long-jump movement in the attractor space. Over time, noisy adaptation causes the network state
to switch intermittently between local motion (when the SFA strength remains below the threshold)
and long-jump motion in the attractor space, manifesting the characteristic of Lévy flights. We carry
out theoretical analyses to formally verify the above mechanism, and simulation results agree with
2

our theoretical analyses very well. We further extend the study to a general Hopfield-like attractor
network, and use it to model the Lévy-flight phenomenon as observed in the free memory retrieval
experiment [11]. We hope that this study will help us to understand how neural circuits generate Lévy
flights, and give us insight into understanding the emergence and the computational roles of Lévy
flights in brain functions.

2

Lévy flights in continuous attractor neural networks

We first study the generation of Lévy flights in continuous attractor neural networks (CANNs).
CANNs have been widely used as canonical models for elucidating the encoding of continuous
features in neural systems [21, 22, 23, 24], including, for instance, the orientation [25], the head
direction [26], and the spatial location [27, 28]. The advantage of studying CANNs is that it allows
us to solve the network dynamics analytically [29] and hence gives us insight into understanding
the computational mechanism of generating Lévy flights. In Sec. 3, we will extend the theoretical
findings to other attractor networks.
2.1
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Figure 2: A two-dimensional (2D) continuous attractor neural network (CANN) with neural adaptation. (A) Illustrating the network structure. Top: the excitatory connections between the neuron at x
and neurons at other locations. Middle: the two-dimensional neuronal sheet on which neurons are
uniformly distributed. Bottom: the network response with a Gaussian bell shape. (B) The kinetics of
a single neuron, determined by the self-relaxation, recurrent interaction, spike frequency adaptation,
and external input. (C) the attractor space formed by all stationary states of the network, on which the
CANN is neutrally stable (for clearance, the case of 1D is shown). (D) The network state with SFA as
a negative feedback in the 2-D CANN feature space. The bump U (x, t) can move spontaneously in
the attractor space in any direction depending on the initial state. The bump of the adaptation current
V (x, t) lags behind U (x, t) with a separation s(t) along the moving direction, due to the delayed
feedback modulation of SFA. (E) The intrinsic speed of the travelling wave ||vint || vs. the SFA
strength (scaled by τ /τv ). The red point represents the travelling wave boundary with m = τ /τv .

As illustrated in Fig. 2A, we consider a two-dimensional CANN, in which neurons are uniformly
distributed on a rectangular neuronal sheet according to their preferred feature values. Denote U (x, t)
as the synaptic input to the neuron at x, with x = (x1 , x2 ) and x1 , x2 ∈ (−∞, ∞), and r(x, t) the
corresponding firing rate. The dynamics of U (x, t) is determined by its own relaxation, the recurrent
inputs from other neurons, the neural adaptation, and the external noise input (Fig. 2B), which is
written as,
Z
∂U (x, t)
τ
= −U (x, t) + ρ
J (x, x0 ) r (x0 , t) dx0 − V (x, t) + σU ξU (x, t) .
(2)
∂t
x0
Here, τ is the synaptic time constant and ρ the neuronal density. The term σU ξU (x, t) represents
the external noise input, with σU the noise strength and ξU (x, t) the Gaussian white noise of zero
3

mean and unit variance. In this study, we propose an internal mechanism to generate Lévy flights,
therefore we only consider noisy inputs of zero mean to the network and do not consider non-zero
drift inputs (see Sec. 4 for more discussions).
The recurrent neuronal connections, J(x, x0 ) =

J0 /(2πa2 ) exp −kx − x0 k2 /(2a2 ) , with kx − x0 k2 = (x1 − x01 )2 + (x2 − x02 )2 , are translationinvariant on the neuronal sheet (Fig. 2A), which means that J(x, x0 ) is a function of kx − x0 k. The
nonlinear relationship between the firing rate r(x, t) and the synaptic input U (x, t) is implemented
by divisive normalization, which is written as,
r (x, t) =

U 2 (x, t)
R
.
1 + kρ x0 U 2 (x0 , t) dx0

(3)

Here, the parameter k controls the normalization strength. In reality, divisive normalization could be
implemented by shunting inhibition [30].
The term V (x, t) on the right-hand side of Eq. (2) represents an adaptive current. Adaptation is a
general phenomenon referring to that a neuron population generates negative feedback to suppress its
response when the activity level is high. Neural adaptation can result from different mechanisms,
and their effects on the network dynamics are similar (see Sec. 4 for more discussions). Here, we
consider spike frequency adaptation (SFA) at the single neuron level as an example. In reality, SFA
could be implemented by the interplay between calcium currents and intracellular calcium dynamics
with calcium-gated potassium channels [31]. The dynamics of V (x, t) is written as,
∂V (x, t)
= −V (x, t) + [m + σm ξm (x, t)] U (x, t) ,
(4)
∂t
where τv is the time constant of SFA, with τv  τ , indicating that SFA is a process much slower
than neuronal firing. m is the mean SFA strength, with σm the noise strength and ξm (x, t) denoting
the Gaussian white noise of zero mean and unit variance.
τv

We first review the properties of the CANN without adaptation, i.e., by setting m = 0 and σm = 0
in Eq. (4). It has been shown that without the external noise input (σU = 0), the CANN holds a
continuous family of Gaussian-shaped stationary states, called bumps, when the global inhibition
2
2
amplitude k is smaller
value
 than a critical
 kc = ρJ0 /(32πa ) [29]. These bump states are expressed
2
2
as U (x) = AU exp −kx − zk /(4a ) , where z is a free parameter representing the bump position,
i.e., a feature value encoded by the network, and AU is a constant representing the bump height.
These bump states form an attractor space (Fig. 2C), on which the CANN is neutrally stable, which
means that a small external input can drive the bump to move smoothly in the attractor space without
distorting its shape. This neutral stability is the key that enables CANNs to realize accurate path
integration [27, 28], smooth tracking of a moving object [32], and efficient population decoding [33].
Specifically, under the drive of external Gaussian noises, the bump will exhibit Brownian motion in
the attractor space [34].
We further review the properties of the CANN with a fixed adaptation strength (i.e., m is a constant
and σm = 0). It has been shown that without external input, the CANN holds a moving bump
as its stationary state when m > τ /τv , which is called travelling wave (Fig. 2E) [35]. This state
reflects the intrinsic mobility of the network, as the bump moves spontaneously in the attractor
space without relying on an external drive. The travelling
is expressed as U (x, t) =
q wave state
p


0
AU exp −(x − vint t)2 /(4a2 ) , with kvint k = 2a/τv mτv /τ − mτv /τ the travelling speed
and A0U the bump height [35]. The mechanism underlying this intrinsic mobility is intuitively
understandable. Suppose that the bump initially appears at an arbitrary location in the attractor space.
Due to SFA, those most active neurons, i.e., those around the peak of the bump, receive the strongest
adaptation current, and their activities are suppressed the most. Since those neighboring neurons are
less active and hence are less suppressed, the bump tends to move away to the neighborhood due to
recurrent connections and competitions via divisive normalization; after moving to the new location,
the suppression and competition start again. As a result, the bump will keep moving in the attractor
space. Analogous to the situation without adaptation, if the SFA strength is fixed and m < τ /τv ,
external noises will only induce Brownian motion of the bump in the attractor space.
2.2

Noisy adaptation generates Lévy flights

Before going to the detailed mathematical analyses, we first provide an intuitive understanding of
how noisy adaptation leads to Lévy flights. As introduced above, a CANN with SFA has the intrinsic
4

mobility of generating a travelling wave when the SFA strength is sufficiently strong. The condition
of m = τ /τv defines the travelling wave boundary. Above the boundary, the bump will move
spontaneously in the attractor space; below the boundary, the bump will either remain static if no
external input exists, or exhibit Brownian motion when external noises are applied. The interesting
phenomenon emerges if the SFA strength is noisy and its mean value m is close to the boundary.
In such a case, fluctuations (due to the noise term σm ξ(x, t) in Eq. (4)) will push the SFA strength
to cross the boundary occasionally, which causes the network to fall into the travelling wave state
temporarily, and consequently, the bump travels over a long distance (a long jump) in the attractor
space. Over time, along with fluctuations of the SFA strength, the bump displays intermittent local
motion (when the SFA strength remains below the threshold) and long-jump motion, manifesting the
characteristic of Lévy flights. We present the formal analyses below.
Consider that the noise strengths in Eqs. (2&4) are sufficiently small, such that their effects on
distorting the bump shape are negligible, and we assume that the network state has the Gaussian form
as in the static case, which is given by,
(
)
2
[x − z(t)]
U (x, t) = Au (t) exp −
,
(5)
4a2
)
(
2
[x − z(t)]
,
(6)
r (x, t) = Ar (t) exp −
2a2
)
(
2
[x − (z(t) − s(t))]
,
(7)
V (x, t) = Av (t) exp −
4a2
where Au (t), Ar (t) and Av (t) represent the heights of bumps U (x, t), r(x, t) and V (x, t), respectively. z(t) is the center of bumps U (x, t) and r(x, t), whose trajectory reflects changes of the
network state in the attractor space. z(t) − s(t) is the center of bump V (x, t), with s(t) denoting
the separation between U (x, t) and V (x, t). Note that the bump V (x, t) always lags behind U (x, t),
reflecting that the adaptation current is delayed with respect to the neural response (Fig. 2D).
Previous works have shown that the dynamics of a CANN is dominated by very few motion modes [29,
36]. Therefore, to solve the network dynamics, we can project the network dynamics onto those
dominating modes and simplify the analyses significantly1 . In the current study, we adopt the first two
dominating motion modes, corresponding to the changes of bump height and position, respectively,
which are given by,


1
[x − z(t)]2
√ exp −
,
(8)
u0 (x|z) =
4a2
a 2π


1
[x − z(t)]2
√ [x − z(t)] exp −
u1 (x|z) =
.
(9)
4a2
a2 2π
By projecting the network dynamics onto these two modes, we obtain the dynamics of the bump
height and position, and the latter reflects how the network state changes in the attractor space.
Specifically, by substituting the presumptive network state Eqs. (5-7) into the network dynamics
Eqs. (2&4), and then projecting them on the motion mode of bump height Eq. (8), we obtain the
dynamics of bump heights (see SI.1 for the details), which are written as,
dAu
dt
dAv
τv
dt
τ

J0 ρAr
σU
+ √ ξU,0 (t),
2
a 2π
σ m Au
= −Av + mAu + √ ξm,0 (t),
2a π
= −Au − Av +

(10)
(11)

where ξU,0 (t) and ξm,0 (t) denote, respectively, the projected noises of ξU (t) and ξm (t) on the bump
height mode, which are still Gaussian white noises of zero mean and unit variance. Note that we do
not explicitly write down the dynamics of Ar , as it has a deterministic relationship with Au , that is,
by substituting Eqs. (5-6) into Eq. (3), we obtain Ar = A2u /(1 + 2πa2 kρA2u ).
Similarly, substituting the network state Eqs. (5-7) into the network dynamics Eqs. (2&4), and then
projecting them on the motion mode for bump position Eq. (9), we obtain the dynamics of bump
1

Projecting a function f (x) on a mode u(x) means computing

5

R
x

f (x)u(x)dx.

positions (see SI.1 for the details), which are,
r
dz
Av
σU 2
τ
=
s+
ξU,1 (t),
(12)
dt
Au
Au π
r
r


ds
τv Av
σ m Au
τv σU 2
mAu
σm Au ξm,0
1
√
s+
τv
=
−
−
ξU,1 (t) −
ξm,1 . (13)
dt
τ Au
Av
τ Au π
Av
2π
2Av πa
Here ξU,1 (t) and ξm,1 (t) denote, respectively, the projected noises of ξU (t) and ξm (t) on the bump
position mode, which are also Gaussian white noises of zero mean and unit variance.
We can obtain the stationary distributions of Au and Av in Eqs. (10&11) by solving the corresponding
Fokker-Planck equations, which is a general method to describe the time evolution of the probabilistic
density function of a moving particle in physics. Moreover, since σU and σm are very small, the
variances of Au and Av can be ignored compared to their mean values. Under this approximation,
Eqs. (12-13) can be further simplified by replacing Au and Av with their mean values Ãu and Ãv
and using the approximation Ãv = mÃu according to Eq. (11), which are written as,
r
dz
σU 2
τ
= ms +
ξU,1 (t),
(14)
dt
Ãu π
s 


2
τv
σm
ds
2 τv σU
1  σm 2
= − 1− m+ √
ξs (t). (15)
τv
ξm,0 (t) s +
+
dt
τ
π τ Ãu
2π m
2 πam
Here ξs (t) is a newly defined Gaussian white noise of zero mean and unit variance (by combining
the last two noise terms in Eq. (13)). Eq. (14) shows that the bump position z(t) is determined by a
drift term reflecting the contribution of SFA and a diffusion term reflecting the contribution of the
external noise input. Apparently, when no adaptation exists, i.e., no drift in Eq. (14) (m = 0), the
bump movement is Brownian motion due to the diffusion noise.
To solve the dynamics of the bump position z(t), it is necessary to first solve the dynamics of s(t)
expressed in Eq. (15). We see that the drift coefficient of s(t) in Eq. (15) consists of two parts. The
first part, 1 − mτv /τ , measures the distance of the mean SFA strength to the travelling wave boundary
(given by τ /τv ), and we denote µ = 1 − mτv /τ as the distance-to-boundary, hereafter. In the
following analyses, we only consider when the mean SFA strength is smaller than the boundary, i.e.,
µ > 0. Since when µ < 0, the bump movement is in the travelling
wave state for most of the time and
√
is no longer a stochastic process. The second part, σm /√(2 πam) ξm,0 (t), reflects the fluctuations of
the SFA strength over time, and we denote γ = σm / (2 πam) as the noise-to-strength ratio hereafter.
Note that if the SFA strength is fixed, i.e., γ = 0, Eq. (15) degenerates into an Ornstein–Uhlenbeck
(OU) process [37]. In such a case, the stationary distribution of s(t) has a Gaussian form, which leads
to the Brownian motion of the bump position z(t).
Non-Brownian motion occurs when the SFA strength fluctuates, i.e., the noise-to-strength ratio
γ > 0. In such a case, we can obtain the stationary distribution of s(t) by solving the corresponding
Fokker-Planck equation (see SI.2 for the details), which gives,
p(si ) = c0 σs2 + γ 2 s2i

−(1+µ/γ 2 )

, for i = {1, 2},

(16)

where s1 and s2 represent the coordinates of s on the axes of x1 and x2 , respectively. σs2 =
√
√
 2
2
√
2τv σU / πτ Ãu
+
2aγ and c0 is a normalization constant. From Eq. (14), the
displacement
of z(t) in a short time interval δt is calculated to be k∆zk = kmsδt/τ +
p
2δt/(πτ )σU /Ãu ξU,1 k. Replacing s with its stationary distribution given by Eq. (16), we finally
derive the distribution of k∆zk, which is written as,
2

p(k∆zk) ∼ k∆zk−1−(1+2µ/γ ) ,

(17)

which satisfies the power-law distribution (see SI.3 for the details). Comparing Eq. (17) with Eq. (1),
we obtain the Lévy exponent of the bump movement,
α=1+

6

2µ
.
γ2

(18)

It shows that the Lévy exponent is determined by two factors, which are the distance-to-boundary µ
and the noise-to-strength ratio γ.
Based on the above theoretical analyses and comprehensive simulations, we investigate the effects of
µ and γ on the mobility of the bump state in the attractor space, and the results are summarized in
Fig. 3. To elucidate the mechanism of generating Lévy flights clearly, we inspect the effects of µ and
γ separately by varying only one of them each time while fixing the other. The results are introduced
below.

Figure 3: Lévy flights in a two-dimensional CANN. (A) The phase diagram of the network with
respect to the distance-to-boundary µ and the noise-to-strength ratio γ. (B) An example of Brownian
motion in the attractor space with µ = 0.95 and γ = 0.6, corresponding to the blue point in (A). The
inset is a close-up of the local Brownian motion. (C) An example of Lévy flights in the attractor space
with µ = 0.05 and γ = 0.6, corresponding to the orange point in (A). (D) The Lévy exponent α vs.
µ with γ = 0.9, corresponding to the horizontal dashed line in (A). Note that when µ > γ 2 /2, i.e.,
µ > 0.405, all α > 2 (Brownian motion) will converge to α = 2 due to the Central Limit Theorem.
(E) The search efficiency η vs. µ. The optimal search is achieved when µ → 0, indicated by the
orange point. (F) The Lévy exponent α vs. γ with µ = 0.1, corresponding to the vertical dashed line
in (A). For the setting of other parameters, see SI.4 for the details.

The effect of the distance-to-boundary µ. Fixing the noise-to-strength ratio γ while varying µ,
we have the following observations: a) In the case of µ ≥ γ 2 /2, which gives α ≥ 2, the bump
movement displays Brownian motion (Fig. 3B). This is because when µ ≥ γ 2 /2, the SFA strength is
far away from the boundary, which is too weak to generate the travelling wave state. Thus, the bump
movement is mainly driven by noise fluctuations in the neural dynamics (Eq. (2)). b) In the case of
0 < µ < γ 2 /2, which gives 1 < α < 2, the bump movement displays Lévy flights (Fig. 3C). In this
parameter regime, decreasing µ will decrease the Lévy exponent α from 2 to 1 gradually (Fig. 3D).
This is because as m gets closer to the travelling wave boundary, adaptation noises become more
likely to push the SFA strength to cross the boundary, and hence long-jump movement occurs more
frequent compared to local Brownian motion. When m eventually approaches the travelling wave
boundary, i.e., µ → 0, which gives α → 1, the network achieves the optimal Lévy search in the
attractor space. Note that in the simulation, we can only estimate the value of α from a truncated
power-law distribution, as very large jumps exceeding the size of the attractor space are excluded.
This explains why the simulated Lévy exponent is slightly larger than the theoretical value of α = 1
(see Fig. 3D). c) In the case of µ < 0, the network dynamics will be dominated by the travelling wave
state, which overrides the effects of both neuronal and adaptation noises, and the bump movement is
no longer stochastic. d) We observe that the search efficiency of the bump (measured by the number
of locations in the attractor space visited by the bump in a unit distance) reaches the optimal value
when µ → 0 (Fig. 3E), manifesting the characteristics of Lévy flights.
7

The effect of the noise-to-signal ratio γ. Fixing the distance µ (e.g, µ = 0.1, which is close
to the travelling
√ wave boundary) while varying γ, we have the following observations: a) In the
case of γ ≤ 2µ, which gives α ≥ 2, the bump movement displays Brownian motion. This
is understandable: although the mean SFA strength is close to the travelling wave boundary, the
adaptation noises are too small to push the SFA strength to cross the boundary, and hence the bump
movement
is mainly driven by noise fluctuations in the neural dynamics (Eq. (2)). b) In the case of
√
γ > 2µ, which gives 1 < α < 2, the bump movement displays Lévy flights. Increasing γ implies
that adaptation noises have higher chances to push the SFA strength to cross the boundary, and hence
the Lévy exponent α will keep decreasing, until it approaches the value of α = 1 (Fig. 3F).
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Figure 4: Modelling Lévy flights in free memory retrieval with an attractor network modulated
by noisy adaptation. (A) Memory items are randomly distributed on the two-dimensional feature
space and neuronal connections are determined by Hebbian learning. (B) An example of the retrieval
trajectory in the feature space. (C) The histogram of step sizes of the retrieval trajectory in (B), which
follows a power-law tailed distribution. (D) The index of retrieved items vs. the simulation time.
Retrieved items burst intermittently over time. (E) Retrieval intervals vs. the index of retrieved items.
Long intervals grow exponentially with interruptions by bursts of short retrieval intervals. (F) The
log-log plot of the frequency distribution of retrieval intervals, with an estimated Lévy exponent
α = 0.73. For the setting of other parameters, see SI.4 for the details.

The first study of Lévy flights in human cognition was carried out by Rhodes and Turvey with a
free memory retrieval task [11]. In the experiment, eight participants were asked to verbally recall
animal names as many as possible (without repetition) within about 20 minutes, and the time intervals
between successive recalls were recorded. Intriguingly, they found an exponential increase of long
retrieval intervals that are interrupted by bursts of short intervals. Overall, the retrieval intervals can
be described by Lévy flights with exponents of 0.37 ≤ α ≤ 0.98 for different participants. Here, we
show that this Lévy-fight behavior of free memory retrieval can be described by random search on a
semantic graph which is modelled by an attractor network with noisy adaptation.
Specifically, we build a Hopfield-like attractor network, in which each memory item is represented by
a localized neural population randomly distributed in a two-dimensional feature space. The neuronal
connections are determined by Hebbian learning, such that each memory item is encoded as an
attractor of the network (Fig. 4A). Successful retrieval of a memory item means that the network state
falls into the corresponding attractor. Note that in such a network, the stationary states no longer form
a continuous manifold of neutral stability as in a CANN. Even so, adaptation implemented by SFA
can still drive the network state to travel among different attractors if the adaptation strength is strong
enough. Thus, when the mean and variance of the SFA strength are set properly, the network state
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switches intermittently between local motion and long-jump motion in the feature space, exhibiting
the characteristics of Lévy flights. This is confirmed by the simulation results in Fig. 4B&C.
We have shown that when the memory recall in the human brain is treated as a random search on a
semantic graph on which memory items are uniformly distributed, the whole process can be described
as Lévy flights in the attractor space of a Hopfield-like attractor network. To reproduce the experiment
findings which show that the time intervals between successive recalls follow a long-tail power-law
distribution, we further convert the Lévy flights in the 2-dimension space as shown in Fig. 4A into
their counterparts in the temporal domain. For this purpose, we calculate the time intervals between
successive retrievals which are measured by the duration of the network state travelling from one
attractor to another (note that each attractor can only be visited once as required in the human
experiment, and the recall is terminated once the network state visits the same attractor again due
to local motion). Fig. 4D shows that the number of retrieved items scales logarithmically with the
simulation time, and memory items are recalled in burst intermittently, which agrees well with the
experimental finding (see Fig.1b in [11]). Further analysis shows that long retrieval intervals are
interrupted by bursts of very short intervals and the length of long intervals increases exponentially
over time (Fig. 4E), which agrees very well with the experimental finding (see Fig.1a in [11]).
We also calculate the Lévy exponent by a linear fitting of the log-log frequency distribution of
retrieval intervals and obtain α = 0.73 (Fig. 4F), which is in the range of the experimental finding
0.37 ≤ α ≤ 0.98. It is also worth noting that this α shows the temporal property of Lévy flights
(retrieval intervals), while the α (not shown) which can be obtained in Fig. 4C shows the spatial
property of Lévy flights (step sizes on the graph).

4

Conclusion and Discussion

In the present study, we have studied a noisy-adaptation-modulated attractor network model to
elucidate the mechanism of generating Lévy flights at the circuit level in neural systems. By
analyzing the dynamics of a CANN with noisy SFA, we find that when the mean SFA strength is
set close to the travelling wave boundary, noises in adaptation can easily cause the network state to
intermittently switch between local motion and long-jump motion, displaying Lévy-flight patterns in
the attractor space. We theoretically derive the power-law distribution of the step sizes of the bump
movement, and show that the Lévy exponent is determined by the joint effect of two key factors, i.e.,
the distance of the mean SFA strength to the travelling wave boundary, and the noise level in the
adaptation. We also demonstrate that optimal search in the attractor space is achieved when the mean
SFA strength approaches the travelling wave boundary. Simulation results agree with our theoretical
analyses very well.
Furthermore, we generalize the theoretical findings to a Hopfield-like attractor network and use
them to explain the Lévy-flight patterns found in free memory retrieval. The Hopfield-like attractor
network encompasses a low-dimensional attractor space which defines a semantic graph of memory
items, and movement of the network state in the attractor space corresponds to a random mental
exploration on the semantic graph. By introducing noisy adaptation into the neural dynamics, we
observe that the network exhibits Lévy-flight moving patterns in the attractor space, which reproduce
the experimental findings very well, including bursts of retrieved items during the retrieval process,
the exponential increase of long retrieval intervals over time, and the value of the Lévy exponent.
Related works of generating Lévy flights in the brain. Mathematical models for demonstrating
Lévy flights in movement patterns of living things have been intensively studied in the literature,
ranging from sub-cellular [38, 39], to the individual organism [5, 7], and to population scales [40, 41].
Typically, these studies built up phenomenological models which describe the time evolution of
the diffusion and transport of a moving object, e.g., by coupled continuous time random walks
(CTRW) [42, 18], by various fractional PDEs [43, 44], and by integro-differential equations [45, 46].
Up to now, mechanisms of generating Lévy flights in the brain (especially at the neural circuit level),
which underlie the generation of macroscopic Lévy-flight behaviors across different levels of living
organisms, have been rarely studied. Very recently, two works have drawn our attention. First is the
work from McNamee et al. [47], in which they proposed an entorhinal-hippocampal network model
with linear feedback that implements spectral modulation of sequence generation. Their model can
explain the Lévy-flight patterns found in foraging behaviors and other cognitive functions in animals.
However, it is not a circuit model based on detailed neural dynamics, but instead based on a master
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equation that describes the time evolution of the state distribution in the network. In our work, we
start from a detailed continuous attractor network model with generic neural features. We derive the
dynamics of the network state in the attractor space and carry out theoretical analysis to elucidate how
neural adaptation causes Lévy flights in the network. These detailed analyses enables us to show the
relationships between the critical parameters in our model (i.e., the distance-to-boundary µ and the
noise-to-signal ratio γ) and the properties of Lévy flights quantitatively. We expect that this detailed
computational model can give us more insight into understanding the generation of Lévy flights in
the brain and guide us to carry out further experimental and theoretical studies.
The second related work is from Gong and his co-authors [48, 49, 50]. In the study [48], Wardak and
Gong proposed a leaky integrate and fire (LIF) neuron model with heterogeneous connection strengths,
and demonstrated that the membrane potential of the LIF neuron undergoes Lévy flights. They carried
out mathematical analysis to show that the total synaptic input to the LIF neuron has nonequilibrium
Lévy noises when the distribution of the heterogeneous synaptic connections has a power-law tail,
and thus the membrane potential probability density satisfies a fractional Fokker-Planck equation. Liu
et al. further extend the model to a balanced spiking neural circuit model to explain the Lévy-flight
patterns observed in the gamma bursts in the area MT of marmoset monkeys [50]. Notably, they also
found that the Lévy-flight patterns observed in their model arise from the critical transitions between
the asynchronous and propagating wave states, similar to the transitions between the localized bump
and travelling wave states in our model. Although both their and our studies observed the Lévy-flight
phenomenon in neural networks, the models and the associated mechanisms for generating Lévy
flights are very different. Specifically, their model considers power-law tailed synaptic connections,
which lead to Lévy noises in a LIF neuron. Theoretical analyses showed that the membrane potential
can then be described by a fractional Fokker-Planck equation with Lévy noises, which is a wellknown mathematical strategy to generate Lévy flights [51, 52, 53]. On the other hand, we consider
an attractor neural network with noisy adaptation, and the network state movement is described by a
Fokker-Planck equation with multiplicative Gaussian noises, which belongs to another mathematical
strategy to generate Lévy flights [54, 55]. It will be interesting to explore in future works whether
one mechanism is more biologically plausible or whether both mechanisms exist in the brain but are
applied in different situations.
Other potential mechanisms of generating Lévy flights in attractor models. The mechanism
we propose exploits noisy adaptation to generate Lévy flights. Both noises and adaptation are the
intrinsic properties ubiquitously observed in neural systems, and hence they provide an internal
strategy to generate Lévy flights without relying on external inputs. This internal-based mechanism
is appealing for efficient information searching in an unknown environment with scarce targets,
e.g., for animal foraging in an open space with sparse prey. Notably, recent research has revealed
that when targets are abundantly distributed in the environment, animals can switch the search
strategy from Lévy flights to Brownian-motion [41, 56]. Our model can also account for this strategy
switch phenomenon. As shown in Fig. 3A, by varying the SFA strength, which could be realized
by neural modulation in reality, the network dynamics can switch between Brownian motion and
Lévy flights. In addition to SFA, neural systems have other mechanisms to implement adaptive
responses, including, for instance, the short-term depression (STD) of synapses between neurons [57]
and the long-range feedback inhibition between cortical areas [58]. These mechanisms can also
destabilize the attractor states of a neural circuit via negative feedback, and generate Lévy flights as
analyzed in this study. The differences in these mechanisms are that they operate at different spatial
and temporal scales. For instance, SFA occurs at the single neuron level and has a time scale of less
than one hundred milliseconds, STD occurs at the synapse level and has a time scale of hundreds to
thousands milliseconds, and the long-range feedback inhibition occurs between brain regions and
has a time scale of tens of milliseconds. Thus, the brain may employ different strategies to generate
Lévy-flight patterns at different temporal scales and in different brain regions, and they support
efficient information processing in different cognitive functions. It will be interesting to explore these
issues in our future work.

Acknowledgement
This work was supported by Beijing Academy of Artificial Intelligence (BAAI), Guangdong Province
with grant (No. 2018B030338001, S. Wu), Huawei Technology Co.,Ltd (No. YBN2019105137 S.
Wu) and the National Natural Science Foundation of China (No. 4861425025, T.J.Huang).
10

References
[1] Bartumeus, F. (2007). Lévy processes in animal movement: an evolutionary hypothesis. Fractals,
15(02), 151-162.
[2] Viswanathan, G. M., Buldyrev, S. V., Havlin, S., Da Luz, M. G. E., Raposo, E. P., & Stanley, H.
E. (1999). Optimizing the success of random searches. Nature, 401(6756), 911-914.
[3] Bartumeus, F., da Luz, M. G. E., Viswanathan, G. M., & Catalan, J. (2005). Animal search
strategies: a quantitative random-walk analysis. Ecology, 86(11), 3078-3087.
[4] Reynolds, A. M. (2009). Scale-free animal movement patterns: Lévy walks outperform fractional
Brownian motions and fractional Lévy motions in random search scenarios. Journal of Physics
A: Mathematical and Theoretical, 42(43), 434006.
[5] Levandowsky, M., Klafter, J., & White, B. S. (1988). Swimming behavior and chemosensory
responses in the protistan microzooplankton as a function of the hydrodynamic regime. Bulletin
of Marine Science, 43(3), 758-763.
[6] Cole BJ. Fractal time in animal behaviour: the movement activity of Drosophila. Animal
Behaviour. 1995 Jan 1;50(5):1317-24.
[7] Viswanathan, G. M., Afanasyev, V., Buldyrev, S. V., Murphy, E. J., Prince, P. A., & Stanley, H. E.
(1996). Lévy flight search patterns of wandering albatrosses. Nature, 381(6581), 413-415.
[8] Ramos-Fernández, G., Mateos, J. L., Miramontes, O., Cocho, G., Larralde, H., & Ayala-Orozco,
B. (2004). Lévy walk patterns in the foraging movements of spider monkeys (Ateles geoffroyi).
Behavioral ecology and Sociobiology, 55(3), 223-230.
[9] Brockmann, D., Hufnagel, L., & Geisel, T. (2006). The scaling laws of human travel. Nature,
439(7075), 462-465.
[10] Brockmann, D., & Geisel, T. (2000). The ecology of gaze shifts. Neurocomputing, 32, 643-650.
[11] Rhodes, T., & Turvey, M. T. (2007). Human memory retrieval as Lévy foraging. Physica A:
Statistical Mechanics and its Applications, 385(1), 255-260.
[12] Radicchi, F., Baronchelli, A., & Amaral, L. A. (2012). Rationality, irrationality and escalating
behavior in lowest unique bid auctions. PloS one, 7(1), e29910.
[13] Costa, T., Boccignone, G., Cauda, F., & Ferraro, M. (2016). The foraging brain: evidence of
Lévy dynamics in brain networks. PloS one, 11(9), e0161702.
[14] Pfeiffer, B. E., & Foster, D. J. (2015). Autoassociative dynamics in the generation of sequences
of hippocampal place cells. Science, 349(6244), 180-183.
[15] Simsekli, U., Sagun, L., & Gurbuzbalaban, M. (2019, May). A tail-index analysis of stochastic
gradient noise in deep neural networks. In International Conference on Machine Learning (pp.
5827-5837). PMLR.
[16] Hodgkinson, L., & Mahoney, M. (2021, July). Multiplicative noise and heavy tails in stochastic
optimization. In International Conference on Machine Learning (pp. 4262-4274). PMLR.
[17] Chen, G., Qu, C. K., & Gong, P. (2020). Anomalous diffusion dynamics of learning in deep
neural networks. arXiv preprint arXiv:2009.10588.
[18] Zaburdaev, V., Denisov, S., & Klafter, J. (2015). Lévy walks. Reviews of Modern Physics, 87(2),
483.
[19] Hopfield, J. J. (1982). Neural networks and physical systems with emergent collective computational abilities. Proceedings of the national academy of sciences, 79(8), 2554-2558.
[20] Amit, D. J. (1992). Modeling brain function: The world of attractor neural networks. Cambridge
university press.
[21] Amari, S. I. (1977). Dynamics of pattern formation in lateral-inhibition type neural fields.
Biological cybernetics, 27(2), 77-87.
[22] Ermentrout, B. (1998). Neural networks as spatio-temporal pattern-forming systems. Reports
on progress in physics, 61(4), 353.
[23] Bressloff, P. C. (2011). Spatiotemporal dynamics of continuum neural fields. Journal of Physics
A: Mathematical and Theoretical, 45(3), 033001.
11

[24] Wu, S., Wong, K. M., Fung, C. A., Mi, Y., & Zhang, W. (2016). Continuous attractor neural
networks: candidate of a canonical model for neural information representation. F1000Research,
5.
[25] Ben-Yishai, R., Bar-Or, R. L., & Sompolinsky, H. (1995). Theory of orientation tuning in visual
cortex. Proceedings of the National Academy of Sciences, 92(9), 3844-3848.
[26] Zhang, K. (1996). Representation of spatial orientation by the intrinsic dynamics of the headdirection cell ensemble: a theory. Journal of Neuroscience, 16(6), 2112-2126.
[27] Burak, Y., & Fiete, I. R. (2009). Accurate path integration in continuous attractor network
models of grid cells. PLoS Comput Biol, 5(2), e1000291.
[28] McNaughton, B. L., Battaglia, F. P., Jensen, O., Moser, E. I., & Moser, M. B. (2006). Path
integration and the neural basis of the’cognitive map’. Nature Reviews Neuroscience, 7(8),
663-678.
[29] Fung, C. A., Wong, K. M., & Wu, S. (2010). A moving bump in a continuous manifold: a
comprehensive study of the tracking dynamics of continuous attractor neural networks. Neural
Computation, 22(3), 752-792.
[30] Mitchell, S. J., & Silver, R. A. (2003). Shunting inhibition modulates neuronal gain during
synaptic excitation. Neuron, 38(3), 433-445.
[31] Gutkin, B., & Zeldenrust, F. (2014). Spike frequency adaptation. Scholarpedia, 9(2), 30643.
[32] Wu, S., & Amari, S. I. (2005). Computing with continuous attractors: stability and online
aspects. Neural computation, 17(10), 2215-2239.
[33] Deneve, S., Latham, P. E., & Pouget, A. (1999). Reading population codes: a neural implementation of ideal observers. Nature neuroscience, 2(8), 740-745.
[34] Wu, S., Hamaguchi, K. & Amari, S. I. (2008). Dynamics and computation of continuous
attractors. Neural Comput. 20, 994–1025.
[35] Mi, Y., Fung, C. C., Wong, M. K. Y., & Wu, S. (2014). Spike frequency adaptation implements
anticipative tracking in continuous attractor neural networks. Advances in neural information
processing systems, 1(January), 505.
[36] Fung, C. C., Wong, K. Y., & Wu, S. (2012). Delay compensation with dynamical synapses.
Advances in Neural Information Processing Systems, 2, 1088.
[37] Ornstein, L. S. (1930). On the theory of the Brownian motion. Physical review, 36, 823-841.
[38] Chen, K., Wang, B., & Granick, S. (2015). Memoryless self-reinforcing directionality in
endosomal active transport within living cells. Nature Materials, 14(6), 589-593.
[39] Song, M. S., Moon, H. C., Jeon, J. H., & Park, H. Y. (2018). Neuronal messenger ribonucleoprotein transport follows an aging Lévy walk. Nature communications, 9(1), 1-8.
[40] Brown, C. T., Liebovitch, L. S., & Glendon, R. (2007). Lévy flights in Dobe Ju/’hoansi foraging
patterns. Human Ecology, 35(1), 129-138.
[41] Humphries, N. E., Queiroz, N., Dyer, J. R., Pade, N. G., Musyl, M. K., Schaefer, K. M., ... &
Sims, D. W. (2010). Environmental context explains Lévy and Brownian movement patterns of
marine predators. Nature, 465(7301), 1066-1069.
[42] Becker-Kern, P., Meerschaert, M. M., & Scheffler, H. P. (2004). Limit theorems for coupled
continuous time random walks. The Annals of Probability, 32(1B), 730-756.
[43] Meerschaert, M. M., Benson, D. A., Scheffler, H. P., & Becker-Kern, P. (2002). Governing
equations and solutions of anomalous random walk limits. Physical Review E, 66(6), 060102.
[44] Sokolov, I. M., & Metzler, R. (2003). Towards deterministic equations for Lévy walks: The
fractional material derivative. Physical Review E, 67(1), 010101.
[45] Fedotov, S. (2016). Single integrodifferential wave equation for a Lévy walk. Physical Review
E, 93(2), 020101.
[46] Taylor-King, J. P., Klages, R., Fedotov, S., & Van Gorder, R. A. (2016). Fractional diffusion
equation for an n-dimensional correlated Lévy walk. Physical Review E, 94(1), 012104.
[47] McNamee, D. C., Stachenfeld, K. L., Botvinick, M. M., & Gershman, S. J. (2021). Flexible
modulation of sequence generation in the entorhinal–hippocampal system. Nature Neuroscience,
1-12.
12

[48] Wardak, A., & Gong, P. (2021). Fractional diffusion theory of balanced heterogeneous neural
networks. Physical Review Research, 3(1), 013083.
[49] Gu, Y., Qi, Y., & Gong, P. (2019). Rich-club connectivity, diverse population coupling, and
dynamical activity patterns emerging from local cortical circuits. PLoS computational biology,
15(4), e1006902.
[50] Liu, Y., Long, X., Martin, P. R., Solomon, S. G., & Gong, P. (2021). Lévy walk dynamics
explain gamma burst patterns in primate cerebral cortex. Communications Biology, 4(1), 1-10.
[51] Schertzer, D., Larchevêque, M., Duan, J., Yanovsky, V. V., & Lovejoy, S. (2001). Fractional
Fokker–Planck equation for nonlinear stochastic differential equations driven by non-Gaussian
Lévy stable noises. Journal of Mathematical Physics, 42(1), 200-212.
[52] Chechkin, A. V., Gonchar, V. Y., Klafter, J., & Metzler, R. (2006). FUNDAMENTALS OF LE
“VY FLIGHT PROCESSES.
[53] Metzler, R., Chechkin, A. V., & Klafter, J. (2007). Lévy Statistics and Anomalous Transport:
Lévy flights and Subdiffusion. arXiv preprint arXiv:0706.3553.
[54] Sakaguchi, H. (2001). Fluctuation dissipation relation for a Langevin model with multiplicative
noise. Journal of the Physical Society of Japan, 70(11), 3247-3250.
[55] Lubashevsky, I., Friedrich, R., & Heuer, A. (2009). Realization of Lévy walks as Markovian
stochastic processes. Physical Review E, 79(1), 011110.
[56] Viswanathan, G. M., Da Luz, M. G., Raposo, E. P., & Stanley, H. E. (2011). The physics of
foraging: an introduction to random searches and biological encounters. Cambridge University
Press.
[57] Markram, H., & Tsodyks, M. (1996). Redistribution of synaptic efficacy between neocortical
pyramidal neurons. Nature, 382(6594), 807-810.
[58] Zhang, W., & Wu, S. (2012). Neural information processing with feedback modulations. Neural
Computation, 24(7), 1695-1721.

Checklist
1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes] Please see Sec. 4 for the detailed
discussions.
(c) Did you discuss any potential negative societal impacts of your work? [No] Our study
is fundamental on brain science and not tied to applications.
(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...
(a) Did you state the full set of assumptions of all theoretical results? [Yes] Please see
Sec. 2.2.
(b) Did you include complete proofs of all theoretical results? [Yes] Please see Sec. 2.2,
and many detailed proofs are presented in the Supplementary Information.
3. If you ran experiments...
(a) Did you include the code, data, and instructions needed to reproduce the main experimental results (either in the supplemental material or as a URL)? [Yes] We have
included the code for reproducing the main results in the supplemental material.
(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they were
chosen)? [Yes] For the setting of hyperparameters, please see SI.4 in the Supplementary
Information.
(c) Did you report error bars (e.g., with respect to the random seed after running experiments multiple times)? [Yes] We only need to include error bars in two sub-figures in
Fig. 3 and we have already done it.
13

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [No] We do not use GPU or CPU clusters.
It is sufficient to run our code on a laptop.
4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...
(a) If your work uses existing assets, did you cite the creators? [N/A] We are not using
existing assets
(b) Did you mention the license of the assets? [N/A]
(c) Did you include any new assets either in the supplemental material or as a URL? [N/A]
No new asset in our current study.
(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A]
(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A]
5. If you used crowdsourcing or conducted research with human subjects...
(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A] Neither crowdsourcing nor conducted research with human subjects
are used in the current study.
(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A]
(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]

14

