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Abstract. Continuous attractor neural networks(CANNs) have been
widely used as a canonical model for neural information representation.
It remains, however, unclear how the neural system acquires such a net-
work structure in practice. In the present study, we propose a biological
plausible scheme for the neural system to learn a CANN from real im-
ages. The scheme contains two key issues. One is to generate high-level
representations of objects, such that the correlation between neural rep-
resentations reflects the sematic relationship between objects. We adopt
a deep neural network trained by a large number of natural images to
achieve this goal. The other is to learn correlated memory patterns in a
recurrent neural network. We adopt a modified Hebb rule, which encodes
the correlation between neural representations into the connection form
of the network. We carry out a number of experiments to demonstrate
that when the presented images are linked by a continuous feature, the
neural system learns a CANN successfully, in term of that these images
are stored as a continuous family of stationary states of the network,
forming a sub-manifold of low energy in the network state space.
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1 Introduction

The brain performs computation via dynamics of neural circuits formed
by a large number of neurons. A neural system can reliably retrieve the
stored information even when external inputs are noisy. This can be
viewed as attractor computation mathematically, that is, the network
dynamics enables the neural system to reach to the same stationary state
(attractor), once an external input falls into the basin of attraction. Hop-
field network is such a representative attractor model, which has been
applied successfully to explain associative memory [11].



The experimental and theoretical studies have shown that there ex-
ists another form of attractor model, called continuous attractor neural
networks(CANNs)[6, 12–14]. CANNs have been successfully applied to de-
scribe the encoding of a number of continuous features in neural systems,
such as orientation, moving direction, head direction, and spatial location
of objects (see [7] and references therein). The key property of a CANN
is that it holds a continuous family of stationary states, which form an
approximately flat sub-manifold of low energy in the network state space;
whereas, in the Hopfield network, attractor states are isolated with each
other with high-energy barriers.

Despite the importance of CANN being widely recognized in the
field [6], the mechanism of how the neural system acquires such a structure
remains largely unknown. For certain features, such as orientation tuning
in V1, it is known that the neural system gains a rough structure from
heredity and continually refines it after birth based on visual experiences.
However, for many other less directly perceivable features, in particular,
for those varying with computational tasks, the neural system needs to
develop a CANN in a data-dependent way. For instances, in the monkey
experiments, Logothetis et al. found that after training, neurons in the
inferior temporal cortex can form a CANN to encode the view angle of an
object [15]; and Mante et al. found that after training, neurons in PFC
can form a CANN to encode the evidence values of different sensory cues
[16]. It is far from clear how the neural system develops CANNs in those
on-line computations.

To learn a CANN, it faces two fundamental challenges technically.
One is to generate proper neural representations. In effect, the unsuper-
vised Hebb rule, or its variations, is to convert the overlap between neural
representations (the correlation) into the strengths of neuronal connec-
tions, such that the similarity/dissimlarity between objects is encoded in
the network structure. Thus, it is crucial that the overlap between neu-
ral representations reflects the sematic, rather than a superficial (e.g.,
different spatial locations), relationship between objects. The other chal-
lenge is to learn correlated representation patterns. Using the conven-
tional Hebb rule, the Hopfield model can learn statistically independent
memory patterns, but once the patterns are correlated, the performance
of the Hopfield model is deteriorated dramatically.

In this study, we propose a biologically plausible scheme to learn a
CANN from real images. Firstly, mimicking the dorsal visual pathway,
we adopt a deep neural network trained by a large number of nature im-
ages to generate neural representations of objects. It has been observed



that the neural representations generated by a deep neural network (i.e.,
the activities in the representation layer preceding the reading-out layer)
can explain a large portion of statistical characteristics of the real neural
data recorded in the higher visual cortexes [17], indicating that the repre-
sentations generated by deep learning capture some sematic information
of objects. Secondly, mimicking the hippocampus, we adopt a modified
Hebb rule to construct neuronal connections based on the representations
of a deep neural network. This modified Hebb rule encodes the correla-
tions between objects’ representations into the structure of the network.
We carry out experiments, which demonstrate that if the presented im-
ages are linked by a continuous feature, a CANN is learned successfully.

2 Learning Correlated Patterns

To start, we introduce how to store correlated patterns in a recurrent
network, presuming that the proper neural representations of objects have
been generated already (to be discussed in Sec.4). It is well known that the
conventional Hebb rule can only learn statistically uncorrelated patterns,
resulting in the classical Hopfield model[11]. For correlated patterns, their
associated stationary states will merge into only a few attractor states.
To solve this issue, several strategies have been proposed. Specifically,
Kroff and Treves[1] proposed a popularity-based approach, whose idea is
reduce the learning ratio of popular neurons (i.e., those neurons which are
involved in many memory patterns). This method works well only under
the condition that neuronal activities in a memory pattern are statistically
independent, which is hard to be satisfied in practice (Fig.1). Blumenfeld
et al.[2] proposed a novelty-based method, which dynamically adjusts the
learning ratio relying on the difference between the newly arriving pattern
and those already stored in the network. This novelty-based learning idea
explains several interesting neurobiological experiments [3, 4]. However,
the way of modifying the learn ratio in this approach is empirical and can
not guarantee that it works well always (Fig.1).

Here, we adopt an orthogonal Hebb rule to learn correlated pat-
terns [5]. This method works well and is also biologically plausible. Its
basic idea is that when a pattern ξp+1 is presented, the network first or-
thogonalizes it with respect to the stored patterns, and then learns the
orthogonalized pattern ηp+1. The latter is calculated to be,

ηp+1 = ξp+1 −
p∑

µ=1
η̂µη̂µξp+1, (1)



where η̂µ = ηµ/|ηµ| is the normalization of ηµ.
According to the Hebb rule, the connection strength between neurons

i and j is set to be,

Wij =
P∑
µ=1

(η̂µi η̂
µ
j − δij η̂

µ
i η̂

µ
i ) (2)

where P is the total number of patterns, and δij is Kronecker delta func-
tion, i.e., δij = 1 for i = j and otherwise δij = 0.

Denote S = {Si}, for i = 1, 2, ..., N , to be the network state, with Si
taking values of ±1. The network dynamics is given by

Si(t+ 1) = sign(
∑
j

WijSj), (3)

and the energy function of the network state is calculated to be

E = −1
2STWS. (4)

Note that the network dynamics contains a novelty-detection process.
Suppose a pattern ξP+1 is already learned as the pattern ξv, for v < P+1,
in the network. When this pattern is presented, we have

Wξp+1 = Wξv,

=
v−1∑
µ=1

η̂µη̂µ,T ξv + η̂vη̂v,T ξv +
P∑

µ=v+1
η̂µη̂µ,T ξv −O(P

N
)ξv,

= ξv − ηv + ηv −O(P
N

)ξv,

= [1−O(P
N

)]ξv.

(5)

Thus, according to Eq.(3), this pattern is recognized by the network as
learned previously.

Although the above orthogonal Hebb rule may appear to be quite
mathematic, its fundamental idea can be implemented in the neural sys-
tem. For instances, the orthogonal operation may be implemented in the
dentate gyrus of the hippocampus, where pattern separation is known to
be performed, the novelty detection may be implemented in CA3 [9, 10],
and the normalization operation is the canonical neural computation [8].
Fig.1 shows the results of applying different methods to learn the highly
correlated handwriting numbers. We see that only the orthogonal Hebb
rule works well.



Fig. 1. Retrieval performances of different learning rules. From top to bottom: the
original ten digital numbers, the result of the conventional Hebb rule, the result of the
popularity-based method, the result of novelty-based method, and the result of the
orthogonal Hebb rule.

3 Learning a CANN from Continuous Morphed Patterns

3.1 A CANN of discrete dynamics

Before learning real images, we first try synthetic morphed patterns. As
illustrated in Fig.2A, these morphed patterns are constructed by shifting
an active patch (taking values of ones, and all other units are zeros) step
by step along the network. We select a set of continuously morphed pat-
terns as the memories to be stored in the network, and use the orthogonal
Hebb rule to construct the neuronal recurrent connections. The network
dynamics follows Eq.(3). After learning, the energies of the network states
given by Eq.(4) are shown in Fig.2B. We see that those continuously mor-
phed patterns are successfully learned as attractors (local minima) of the
network. Furthermore, these attractors form a relatively flat valley of
low energy in the network state space, and with more morphed patterns
stored, the valley becomes more flat (see the inset in Fig.2B). We also find
that the learned neuronal recurrent connections are shift-invariant along
the morphing parameter (Fig.2C), a key property of CANNs. Overall, the
conclusion is that when continuously morphed patterns are presented, a
CANN is learned by the orthogonal Hebb rule.



Fig. 2. (A) Illustrating the construction of morphed patterns. The network size N = 5
and the patch size L = 2. (B) The energies of all morphed patterns in the learned
CANN. The network size N = 1000. Totally 1000 morphed patterns are constructed,
with the patch size L = 50, and the patterns are indexed from 1 to 1000. We choose
those patterns indexed from 200 to 800 to be the memory patterns. The inset shows the
relationship between the energy of the valley and the number of stored patterns. The
black line represents the mean of the valley energy averaged over different realizations
of selecting stored patterns, and the green shadow denotes the standard deviation. (C)
The learned recurrent connections from two neurons at different locations, which are
translation-invariant.

3.2 A CANN of continuous dynamics

To be biologically more plausible, we extend the above discrete model to
be a continuous one, which is written as,

τ
dVi
dt

= −Vi +
∑
j

Wijg(Vi) + Ii, (6)

where Vi denotes the state of the ith neuron, τ the time constant, Ii the
external input, and g(Vi) = 1

1+e−α∗Vi is a nonlinear function.
Consider that the network learns a set of continuously morphed (shift)

gaussian bumps (Fig.3A). We construct the neuronal connections W ac-
cording to the orthogonal Hebb rule, which is translation-invariant among
neurons (Fig.3B). Fig.3C shows the attractors held by the network after
learning, which form a one-dimensional manifold embedded in the high-
dimensional space, i.e., a CANN is learned. Note that there are distortions
between the training patterns and the attractors held by the network
(Fig.3A), nevertheless, one-to-one correspondences between them are es-
tablished (Fig.3C), meaning that the information of training patterns is
acquired by the network. We can also diminish these distortions by apply-
ing the stationary states of the network as training patterns iteratively.



Fig. 3. (A) A training gaussian-shaped pattern (black) and the corresponding attrac-
tor learned by the network (red). (B) The translation-invariant recurrent connections
between neurons after a set of continuously morphed gaussian bumps are learned.
(C) The one-to-one correspondences between the training patterns and the attractors
learned by the network. Using the first two dominant PCA components, it is shown
that the attractors of the network form a one-dimensional manifold. The parameters:
τ = 1, α = 8.

4 Learning a CANN from Real Images

4.1 Generating suitable neural representations

In the above study, we have presumed that the proper neural represen-
tations of objects are already available. In practice, this is not a trivial
issue. Essentially, an unsupervised Hebb rule is to convert the correlation
(overlap) between neural representations into the connection form be-
tween neurons, such that the network encodes not only objects but also
their relationships. Thus, it is crucial that the neural representations of
objects are organized, in term of that their correlation reflects a sematic,
rather than a superficial, relationship between objects. In other words,
we expect that the closeness between two neural representations should
reflect that the two objects they represent are similar in categorization,
rather than that the two objects are close in spatial locations. If the raw
images of objects are used as the neural representations, then the network
will not learn a meaningful result: the network will treat the same object
at different locations to be different, whereas treat different objects at
the same location to be similar. So, how does the neural system generate
proper representations of objects?

Recently, the model of deep neural networks, which mainly mimics
the feedforward, hierarchical information processing in the dorsal visual
pathway, has made great success in object recognition. Interestingly, it



has been observed that in spite of the simple structure, a deep neural
network pre-trained by a large number of natural images generates object
representations (the neural activity preceding the read-out layer), which
capture some statistical characteristics of neural responses in the higher
visual cortex. It is known that the neural representations in the higher
visual cortex are much more abstract than raw images and those in the
early visual cortex. Therefore, a deep neural network provides a way to
generate neural representations having certain-level of sematic meaning.
In the below, we adopt a deep neural network (DNN) adapted from the
Oxford VGG CNN-S network [18] trained by ImageNet to generate neural
representations for objects.

4.2 Learning a CANN from continuously rotating chairs

We collected a dataset of rotating chairs in an indoor environment. The
telescopic chair was taken by a digital camera with a white wall back-
ground, and the chair was rotated from 0o to 360o. Totally, 679 images of
the chair were obtained, and they were cropped into the size of 224×224 to
fit the input of the DNN. No other preprocessing to the inputs was done
except normalization to [0, 1]. The neural representations generated by
the DNN were then used as the memory patterns to construct a CANN.
Fig.4A shows that indeed a CANN is learned, and the representations of
the rotating chairs form a subspace of attractors.

To further confirm that the network does have the CANN structure,
we carry out the mental rotation experiment. Mental rotation is an im-
portant characteristic of CANNs, an property coming from the flat sub-
space of low-energy in a CANN, and was observed in the experiment [19].
Mimicking the experimental setting, we set the network state to be sta-
ble initially at an angle, and then apply an external input pointing to
a target angle. Under the drive of the external input, the network state
changes from the initial to the target position. We record how the net-
work state evolves during this process by measuring the instant overlap
between the network state and all attractor states. Interestingly, we ob-
serve that if the target angle is not far away from the initial angle, the
network state (a bump) rotates smoothly from the initial angle to the
target one, displaying the mental rotation behavior as observed in the
experiment (Fig.4B).



Fig. 4. (A) A CANN learned from continuously rotating chairs. The attractor corre-
sponding to different rotating angles form a subspace of low energy. (B) Mental rotation
in the CANN. Starting from an initial angle, the network state (bump) rotates smoothly
to the target angle where the stimulus is applied. The parameters are the same as in
Fig.3.

5 Conclusion

The canonical neural representation model of CANNs is receiving in-
creasing attention in both neuroscience and brain-inspired computation.
In the present study, we explore the long-standing, unresolved question
in the field, i.e., how the neural system acquires the CANN structure in
practice. We focus on solving two technical challenges, namely, how to
generate neural representations of sematic meaning and how to store cor-
related patterns in a neural network. For the former, we consider that a
deep neural network, which mimics the dorsal visual pathway, generates
suitable neural representations. For the latter, we show that the orthog-
onal Hebb rule, which may be achieved in the hippocampus, can learn
correlated patterns efficiently. Tested on synthetic data and real images
of rotating chairs, we demonstrate that our method learns CANNs suc-



cessfully. We also test others real images and confirm that our method
works very well (data not shown).
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