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a b s t r a c t

The brain successfully performs visual object recognition with a limited number of hierarchical
networks that are much shallower than artificial deep neural networks (DNNs) that perform similar
tasks. Here, we show that long-range horizontal connections (LRCs), often observed in the visual
cortex of mammalian species, enable such a cost-efficient visual object recognition in shallow neural
networks. Using simulations of a model hierarchical network with convergent feedforward connections
and LRCs, we found that the addition of LRCs to the shallow feedforward network significantly
enhances the performance of networks for image classification, to a degree that is comparable to much
deeper networks. We found that a combination of sparse LRCs and dense local connections dramatically
increases performance per wiring cost. From network pruning with gradient-based optimization, we
also confirmed that LRCs could emerge spontaneously by minimizing the total connection length while
maintaining performance. Ablation of emerged LRCs led to a significant reduction of classification
performance, which implies these LRCs are crucial for performing image classification. Taken together,
our findings suggest a brain-inspired strategy for constructing a cost-efficient network architecture to
implement parsimonious object recognition under physical constraints such as shallow hierarchical
depth.

© 2020 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The current machine learning technique using the deep neural
etwork (DNN) is able to implement high-accuracy visual ob-
ect recognition comparable to that of humans (He et al., 2016;
rizhevsky, Sutskever, & Hinton, 2012; Lecun, Bengio, & Hinton,
015; Simonyan & Zisserman, 2014; Zhang et al., 2019). However,
ven when the performance of a DNN appears to be similar to
hat of the brain in some visual tasks (Yamins & DiCarlo, 2016;
amins et al., 2014), there is a critical difference between the
wo systems: the biological brain has physical constraints for
ircuit wiring. For example, an artificial neural network composed
f model neurons (Rosenblatt, 1958) can create and annihilate
nter-neural connections arbitrarily, whereas biological synapses
annot be controlled in such a way (Park, Choi, & Paik, 2017).
Above all, the brain is forced to consist of a limited number

f layers and connections, due to physical constraints such as the
patial volume (Samu, Seth, & Nowotny, 2014), whereas artificial
eural networks can implement an unlimited number of layers
nd connections as long as computational capacity allows. For
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example, ResNet (He et al., 2016), one of the state-of-the-art
DNNs for object recognition, consists of more than 150 hierarchi-
cal layers, since the prodigious improvement of computing power
allows the use of a super-deep structure. However, the ventral
visual pathway (from the retina to IT) in the brain is composed of
fewer than 10 hierarchical stages (Samu et al., 2014), presumably
due to the restricted volume of the skull (Fig. 1(a)). What then
is the distinct strategy of the brain as compared to the artificial
network that enables cost-efficient visual processing under this
physical constraint, and how can this be implemented in artificial
neural networks?

We can find a clue from the anatomical structure observed in
the visual cortex (Fig. 1(b) and (c)) of biological brains. Long-range
horizontal connections (LRCs) are characteristic circuit structures
observed in the visual cortex of various mammalian species in-
cluding monkeys (Stettler, Das, Bennett, & Gilbert, 2002), cats
(Das & Gilbert, 1995; Gibson & Wiesel, 1979), tree shrews (Bosk-
ing et al., 1997; Chisum, Mooser, & Fitzpatrick, 2003), ferrets
(Durack & Katz, 1996; Van Hooser, Heimel, Chung, & Nelson,
2006), and rats (Rumberger, Tyler, & Lund, 2001). From their long
range of connection (up to 2–3 mm), LRCs are distinguished from
local connections of a short lateral spread (up to 0.5 mm) (Kisvár-
day & Eysel, 1992; Kisvárday et al., 1986; Malach, Amir, Harel, &
Grinvald, 1993; Stepanyants, Martinez, & Ferecsko, 2009; Voges,
rticle under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
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Fig. 1. Cortical long-range horizontal connectivity for cost-efficient circuit. (a) Artificial deep neural networks implement an excessive number of layers and
connections as long as computational capacity allows, whereas the ventral visual pathway of the brain is composed of a much smaller number of hierarchies. (b)
Long-range horizontal connections (LRCs) are observed in the visual cortex of various mammalian species. Red dots represent synaptic boutons labeled retrogradely.
(c) Length of the lateral connections observed in tree shrews (Bosking et al., 1997). The red dashed line indicates an exponential fitting curve and the black solid
line is the threshold for defining LRCs. (d) A scenario that the addition of LRCs to the shallow feedforward network may enhance the performance of networks for
image classification, to a degree comparable to deeper networks. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
Source: (b) Redrawn from Bosking et al. (1997).

© 1997 Society for Neuroscience.
Schüz, Aertsen, & Rotter, 2010). Previous studies of the long-
range connections have suggested their possible contribution to
layer-wide functions, such as contextual modulation at an early
stage (Angelucci et al., 2002; Capparelli, Pawelzik, & Ernst, 2019;
Piech, Li, Reeke, & Gilbert, 2013). However, a comprehensive
understanding of the exact role of LRCs for visual processing has
been elusive.
77
Here, we suggest that the long-range connectivity may be
crucial for cost-efficient visual processing under limited wiring
resources (Fig. 1(d)). Using simulations of a model hierarchi-
cal network with convergent feedforward connections and LRC
data from tree shrews, we investigated the contribution of the
long-range connections to object recognition in shallow neural
networks. First, we found that the addition of LRCs to the shallow
feedforward network significantly enhances image classification
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erformance for MNIST and CIFAR-10 datasets to a degree that is
omparable to much deeper networks. Second, we found that net-
orks with sparse LRCs, similar to the networks in tree shrews,
nable consistent recognition of various types of objects. Lastly,
e found that LRCs can emerge spontaneously from network
runing for minimization of the total connection length while
aintaining performance.
Taken together, the present results lead us to propose that

ong-range horizontal connectivity might be a key architecture
o implement parsimonious object recognition under the physical
onstraints of the brain. Our results suggest that the brain devel-
ps its circuits with a biological strategy for balancing cost and
erformance, which may lead to the generation of a new cost-
fficient artificial neural network architecture under structural
onstraints.

. Materials and methods

.1. Simplified three-layer network model

As a simplified model of the ventral visual pathway, we used
three-layer convergence network consisting of 784 input units,
ne hidden layer of 784 units, and ten output units for classifica-
ion. Each layer is implemented as a 2D grid space, and the size
f the input and hidden layer is set to 28 by 28 pixels, equivalent
o the image size. For a biologically plausible model, in contrast
o conventional CNN models, our model does not implement
eight sharing. Instead, neurons in the hidden layer space have

ndependent connection weights. The schematic architecture of
he model is shown in Fig. 2(a), and a summary of the detailed
arameters is provided in Table S1.
To match observed statistics in biological data, we assumed

condition that visual images were shown within 15-degrees of
enter vision in head-fixed tree shrews. Considering the magnifi-
ation factor and the V1 size in tree shrews (Bosking et al., 1997;
an Hooser, 2005), we set the scaling factor as 0.125 mm/unit,
o that one unit (pixel) of the input and hidden layers matches
.125 mm in the cortical space of the biological data. For example,
he definition of LRCs as lateral connections longer than 1 mm
n the previous experiment (Trachtenberg & Stryker, 2001) was
onverted to that for model LRCs with connections longer than
ight pixels. The definition for a local connection, which was
efined as a connection shorter than 0.5 mm (Bosking et al.,
997), was converted to connections shorter than four pixels.
Feedforward connections between the input and hidden layers

ere set to a local convergence structure following previous
tudies (Hubel & Wiesel, 1962; Sailamul, Jang, & Paik, 2017). Each
th neuron in the hidden layer has a circular receptive field, that
s,

if dij < c, wb
ij = 1

therwise, wb
ij = 0

here j is the index of a neuron in the input layer and dij is
the Euclidean distance between neurons i and j in the hidden
layer and the input layer, respectively. c denotes the number
of units in the input layer that is projected to the hidden layer
by feedforward convergence, initially set to 4. wb

ij is a boolean
arameter that represents the presence of a connection between
eurons i and j. Neurons in the hidden and output layers were
andomly connected with a connection probability of 0.5. In this
ay, the total number of feedforward connections from the input
o output layers was set to less than 3% of the fully-connected
etwork, to simulate the condition that the wiring cost is tightly
onstrained.
The lateral connections were implemented only in the hidden

ayer as in previous model studies (Paik & Glaser, 2010; Ursino &
78
Table 1
Hyper-parameters of the network training.
Size of mini batch 200
Learning rate 0.1
STD of initial weight 0.01
Max. epoch in MNIST 100
Max. epoch in modified MNIST 300
Max. epoch in CIFAR-10 1000
Max. epoch in CIFAR-10 with length penalty 3000

La Cara, 2004; Yazdanbakhsh & Grossberg, 2004), and their length
distribution was set to follow an exponential function fitted from
V1 data observed in tree shrews (Bosking et al., 1997) (Fig. 1(b)),

Y = 0.4e−2.3d,

where d is the connection length (converted to unit) and Y is
the connection probability. Once the total number of LRCs is
determined, the weight matrix Wlrc is generated using the given
length distribution. Here, all connection weights were initialized
using a Gaussian distribution with a mean of zero and a standard
deviation of 0.01. The overall network computation is as follows:

H = Max(0,WlrcW0X + W0X + b0)
O = softmax(W1H + b1)

In this equation, X is the input pixel value of the raw image,
which is directly used for all computations without any prepro-
cessing. H denotes the hidden layer activation, O is the output
layer activation. The terms W0 and W1 are the feedforward (FF)
connection matrix of each layer, b0 and b1 are the corresponding
biases of the input and hidden layer, and Wlrc is the lateral con-
nection matrix. Example connectivity matrices of model network,
with and without LRCs, are shown in Fig. S1.

To perform image classification tasks, the model convergence
network was trained using the adapted version of stochastic
gradient descent in which the Boolean matrix wb is multiplied
to W0, W1 and Wlrc after every training epoch. Table 1 presents
the hyper-parameters for network training. We set a batch size of
200 images and the weights of all learnable connections were ini-
tially selected from a Gaussian distribution of zero-mean with a
standard deviation of 0.01. The learning rate was set to a constant
of 0.1. The other hyper-parameters such as the number of epochs
were chosen to provide an acceptable level of performance in the
image classification task.

2.2. Stimulus datasets

2.2.1. Modified MNIST
To separately examine the contribution of high and low-

frequency information contained in sample images, we designed
three types of modified MNIST datasets (Fig. S2), and 1000 test
images were generated in each dataset. Details are as follows:

Type 1: shape. The ‘‘shape’’ dataset was designed by arranging
hand-written digit of 8 × 8 pixels in the center of a 28 × 28
ixels image. The dataset consists of eight categories depending
n the number in the center (1 to 8). For this dataset, only local
nformation (shape) of the digits is required for classification.

Type 2: position. The ‘‘position’’ dataset was made by the fol-
owing procedure. First, two digits of 8 × 8 pixels were randomly
hosen. Second, these two digits were allocated in a 28 × 28
mage, with one of the following position alignments: horizontal
top, middle, bottom), vertical (left, middle, right), or diagonal (45◦,
35◦). This dataset also consists of eight categories depending on
he position only where the digits are located. Note that the shape
f each number is irrelevant for classification.
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Fig. 2. Long-range connections enhance image classification of shallow networks. (a) Schematic structure of the simplified three-layer visual pathway model (left).
he LRCs are defined as lateral connections longer than 1 mm and the local connections are set as connections shorter than 0.5 mm (right). (b) Illustration of the
lassification task using benchmark datasets (MNIST, CIFAR-10). Both the shape and position of the digits must be distinguished for successful classification. (c)
ifferent conditions of the networks with various types of lateral connections. (d) The addition of LRCs to the initial feedforward network (red line) dramatically
nhances the MNIST classification accuracy of the network. The performance was significantly higher when LRCs were added, compared to the case where the same
umber of local connections were added (black line). The black triangle represents the performance of the fully-connected network (FC) and the black circle indicates
he initial feedforward network (FF) (left). When only a small portion (0.5% of FC) of connections were added as a form of LRCs to the initial feedforward network
red bar), the accuracy of the network became significantly higher than the FF only and FF+local networks (white and black bars, Mann–Whitney U-test: *p < 10−4 ,
**p < 10−6), and comparable to the accuracy of the FC (gray bar) (right). (e) Performance for CIFAR-10 with the same network condition in (d) (white and black bars,
Mann–Whitney U-test: *p < 10−4 , **p < 10−6). (f) Networks of different depth (number of layers) and lateral connectivity compared in the test. (g) Classification
accuracy of each type of the network (left). Performance of the three-layer network with LRCs (red curve) was comparable to, or even better than that of deeper
networks (blue curve, four-layer; cyan curve, five-layer, Mann–Whitney U-test: *p < 10−3 , **p < 10−6) (right). (h) Performance using CIFAR-10 with the same network
condition in (g) (Mann–Whitney U-test: *p < 10−3 , **p < 10−6). Shaded areas in (d) and (g), and error bars in (d–e) and (g–h) represent the standard deviation from
20 repeated trials. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Type 3: shape-position. The ‘‘shape-position’’ dataset was made
by the following procedure. First, a 28 × 28 pixel area was divided
into four 14 × 14 areas. Second, two diagonally aligned areas
were selected (either 45◦ or 135◦). Third, one of two digits, either
‘‘7’’ or ‘‘9’’, composed of 8 × 8 pixels was inserted into each
selected area. This dataset consists of eight categories depending
on both the shape and position of the digits. The reason we chose
‘‘7’’ and ‘‘9’’ among ten numbers is to adjust the difficulty of
the task to be similar to that of the previous tasks. Note that
this dataset requires both local information (shape) and global
information (position) of the digits for classification.
79
2.2.2. Natural images
To further examine the role of the LRCs in image perception,

natural images in the CIFAR-10 database (Sugawara & Nikaido,
2014) were used. The images were converted to grayscale using
the MATLAB rgb2gray function.

2.3. Image classification performance with connectivity variation

2.3.1. The same number of connectivity
To examine changes in the image classification performance

of the network according to the lateral connectivity structure,
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e added the same number of either local or long-range con-
ections to the initial feedforward network and compared the
erformance after training (Fig. S2(a)). The total number of learn-
ble connections was counted by including both feedforward and
ateral connections.

To examine the role of lateral connections (Fig. 3 and Fig. S5),
e varied the ratio of lateral connections (either LRCs or local
onnections) in the network and tested the image classification
erformance after training of each dataset (‘‘shape’’, ‘‘position’’,
‘shape-position’’). To keep the number of learnable parameters
he same while varying the network connectivity, we ablated
eedforward connections between the input and hidden layer
hile adding the same number of lateral connections. The con-
ections between the hidden and the output classification layer
ere not changed.

.3.2. Same length of connectivity
The effects of local connections and LRCs with the same length

ere compared (Fig. S2(b)). The length of each connection was
alculated as follows:

engthn =

∑
j,j′

djj′

here djj′ is the Euclidean distance of a lateral connection be-
ween source j and destination j′ neurons.

.4. Gradient-based connectivity optimization and pruning

We examined how random initial connectivity would change
f the network was trained to minimize the total connection
ength while maximizing the image classification performance.
he CIFAR-10 classification was used for the image recognition
ask. The objective function consists of a classification error min-
mization term and a connection length-penalty term as follows:

L = argminW

(
(1 − λ)

1
N

N∑
i=1

Li (f (xi,W ) , yi)

+ λ
∑
k

∑
l

Lenk,l
⨂

W 2
k,l

2

)
here W is the weight matrix of the network, N is the number
f connections, Lenk,l represents the connection length matrix, k
epresents each layer, and λ represents the ratio between error
minimization and length penalty. The value of λ was chosen so
that small changes in both terms can modulate the loss function
significantly. The stochastic-gradient descent method was applied
for optimization. To simulate the spontaneous pruning of unnec-
essary connections during the training epochs, we disconnected
connections with a weight value below 0.01 after the training.

3. Results

3.1. Long-range connections enhance object recognition in shallow
networks

To test the object recognition ability of the shallow network
with different types of lateral connections, a three-layer conver-
gent feedforward network (Fig. 2(a)) was trained and tested with
MNIST and CIFAR-10 image datasets for the classification task
(Fig. 2(b)). Four different network conditions with various types
of connectivity were modeled and tested (Fig. 2(c)) — feedforward
only, feedforward with local connections, feedforward with LRCs,
and fully connected.

First, we found that feedforward networks (FF) with no lateral
connections showed much lower MNIST classification perfor-
mance (Fig. 2(d), black circle) than that of the fully-connected
80
Fig. 3. Long-range connections integrate global features. (a) Three types of
modified MNIST datasets. The ‘‘shape’’ dataset requires the local shape of
digits to be distinguished, and the ‘‘position’’ dataset requires identification of
the position of digits. The ‘‘shape-position’’ dataset requires both. (b) Network
rewiring process. By deleting feedforward (FF) connections and adding the same
number of LRCs, the total number of connections are preserved. (c) Classification
performance for each dataset with a variation of the LRC ratio. The dotted
line indicates 80% accuracy and asterisks on the bar graph indicate accuracy
significantly higher than 80%. (d) The average performance of the network for all
three tasks (black dotted line). Average performance is maximized when sparse
LRCs (∼20%) are combined with dense local convergent connections. Error bars
represent the standard deviation from 20 repeated trials.

(FC) network (Fig. 2(d) left, black triangle). However, adding only
a small number of random LRCs to the feedforward network
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able 2
lassification accuracy of networks adding the same length of local and 682
ong-range connections.

LRC added Local added

MNIST 93.32 ± 0.30% 90.62 ± 0.91%
CIFAR-10 27.78 ± 1.17% 24.12 ± 1.18%

dramatically improved the classification performance up to that
in the FC (Fig. 2(d) left, red solid line, and Fig. 2(d) right, red
bars, Mann–Whitney U-test: *p < 10−4, **p < 10−6). In contrast,
the addition of local connections only could not induce the same
amount of change (Fig. 2(d) left, black solid line, and Fig. 2(d) right,
lack bars). The simulation using natural images (CIFAR-10) also
how a similar tendency (Fig. 2(e)).
Next, we investigated whether this difference in performance

s due to the longer total connections of LRCs when the same
umber of local and long-range connections were used
Fig. S3(a)). We examined the influence of lateral connections on
he classification accuracy when local and long-range connections
ith the same total length were added to the feedforward net-
ork (Fig. S3(b)). Even in this condition, adding LRCs resulted in
oticeably higher performance than adding the same length of
ocal connections, despite that the number of added connections
as sixteen times smaller when adding connections in the form
f LRCs (Table 2; Fig. S3 (b) left (MNIST) and right (CIFAR-
0), black and red triangles, Mann–Whitney U-test: *p < 10−4).
urthermore, from the variation of feedforward connectivity con-
itions, we confirmed that the performance improvement by LRCs
ppeared to be fairly consistent across different conditions of
eedforward convergence range and sparseness of connections
Fig. S4).

Moreover, we found that the shallow three-layer network
ith LRCs shows comparable, or even better performance for
he MNIST to that of deeper (four or five-layer) networks with
uch fewer learnable connections (Fig. 2(f) and (g)). The ex-
eriment using natural images (CIFAR-10) also showed similar
esults (Fig. 2(h)). These results indicate that long-range horizon-
al connectivity enables highly cost-effective object recognition in
hallow neural networks.

.2. Long-range connections integrate global features

We set another hypothesis that the LRCs enhance the net-
ork performance by integrating global features contained in the

mages that cannot be captured by local connections (Fig. 1(d)).
o examine the spatial frequency-specific contribution of the
RCs, we designed three types of datasets by arranging various
ombinations of MNIST images (Fig. 3(a), ‘‘shape’’, ‘‘position’’, and
‘shape-position’’), which requires the network to encode local
eatures (high frequency), global features (low frequency), or both
omponents for classification tasks. In addition, to investigate the
ontribution of the LRCs, we varied the ratio of the LRCs and
ocal feedforward connections in model networks. We added the
RCs while disconnecting the same number of local feedforward
onnections, so that an equal number of learnable connections
re kept (Fig. 3(b)). We then trained the network and measured
he classification performance while varying the ratio of the LRCs
n model networks.

As expected, a feedforward network without the LRCs showed
he highest performance for ‘‘shape’’ datasets, but it could not
lassify the two other datasets that contained ‘‘position’’ infor-
ation well (Fig. 3(c), left). A network with a large number
f LRCs and sparse feedforward connections was superior to
dentify the ‘‘position’’ datasets, but was not effective at clas-
ifying the dataset with ‘‘shape’’ information (Fig. 3(c), right).
81
able 3
lassification accuracy of networks using subsets of CIFAR-10 with distinct 686
requency spectra.

High frequency dominant subset Low frequency dominant subset

LRC 0% 28.97 ± 0.59% 28.59 ± 1.01%
LRC 97% 30.71 ± 1.15% 35.99 ± 0.94%

Our additional tests show that local lateral connections added
to feedforward networks can play a role similar to that of LRCs
only when the given stimulus barely contains global features. In
general, networks with local connections cannot achieve a level
of performance accuracy similar to that of networks with LRCs
(Fig. S5). These results indicate that local convergent connections
contribute to encoding high-frequency (local) information such
as the shape of the digits, and long-range connections are re-
sponsible for encoding low-frequency (global) information such
as the position of objects. Simulations using natural images with
different frequency spectra also showed similar results (Table 3
and Fig. S6).

Most importantly, the network with dense local feedforward
connections and sparse LRCs showed good performance for all
three datasets (Fig. 3(c), middle). The average performance for
the three datasets was maximized around the point where the
number of LRCs is ∼20% of dense local connections (Fig. 3(d),
black arrow). Taken together, the combination of sparse LRCs
and dense local convergent connections is highly effective for the
classification of images with a wide-ranging frequency spectrum.

3.3. Long-range connections for balancing performance and wiring
cost

Lastly, we tested whether LRCs can emerge spontaneously
from random initialization, as a result of balancing performance
and wiring cost. For this, we trained a model network with a new
loss function, composed of the classification error and the con-
nection length-penalty terms (Fig. 4(a)). Each term represents the
object recognition performance and the total wiring cost of the
network, respectively. The balancing ratio factor λ regulates the
elative weight between the two terms. From an initial parameter
earch, we found the optimal range of λ for the current pur-
pose, in which the performance-wiring cost ratio is maximized
(Fig. S7). Under this condition, we observed that the classification
performance started increasing in just several epochs of training,
while the total connection length decreased as expected from the
loss function. Note that there was no noticeable degradation of
the final performance even though the length penalty term was
added to the loss function (Fig. 4(b)). Interestingly, even when
initial connections were mostly pruned to reduce wiring cost, a
certain portion of very long connections survived until the end of
the training, accepting a notable length penalty (Fig. 4(c) and (d)).
We observed that the ratio of LRCs sharply dropped at the early
stage of training, but eventually converged to a nonzero value in
most conditions (Fig. 4(d)). We also confirmed that the emerged
connectivity showed tuning-specific properties as observed in
the visual cortex of various mammalian species (Fig. S8). This
suggests that LRCs can emerge spontaneously from a randomly
wired initial condition if both the performance and wiring cost
are taken into account in the objective function.

We also investigated how the observed performance changes
if connections in the trained network are removed by random
ablation (Fig. 4(e)). A significant reduction of classification per-
formance was observed when the developed LRCs were removed.
In contrast, the performance degradation was noticeably smaller
when only local connections were removed (Fig. 4(e), Mann–
Whitney U-test: *p < 10−6), indicating that LRCs are crucial for
performing image classification.
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Fig. 4. LRCs emerge spontaneously while optimizing performance and wiring cost. (a) The network was trained with the objective function to minimize classification
error and the total connection length. Connections weakened below the threshold (|w| < 0.01) were pruned during the training. (b) Changes of classification accuracy
and the total connection length during the training (the balancing factor λ = 10−3). (c) Changes in the length distribution of lateral connections during the training
(red histogram, with length penalty; gray histogram, no length penalty). A certain portion of LRCs survives after training even with the length penalty (Epoch =

3000, red histogram). (d) The ratio of LRCs converged to the nonzero value (red curve) with the length penalty. (e) Ablation of the LRCs leads to a significantly larger
reduction in classification performance, compared to the case where local connections are deleted (Mann–Whitney U-test: *p < 10−6). The shaded area and error
bars represent the standard deviation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 5. The development of LRCs depends on the characteristics of visual stimuli. (a) Natural images from the CIFAR-10 dataset randomly permuted images of them
were used for training. (b) The classification performance and the total wiring length appeared to be not meaningfully different between the two conditions. (c)
Changes in the LRC ratio during the training (red line, CIFAR-10; blue line, permuted images). (d) Developed lateral distribution after the training (3000 epochs).
Emerged LRCs for the permuted images were noticeably fewer than that for natural images (right, Mann–Whitney U-test: *p < 0.0005). (e) Texturized images as
inputs for training. Local patches (local information conserved) were maintained while their locations were randomized (global information scrambled) (Brendel &
Bethge, 2019). (f) Changes in the LRC ratio during the training. Each color represents the patch width of the image that used for training. (g) The ratio of LRCs
developed for the texturized images was significantly lower than that for the natural images (patch size = 7 × 7 and 28 × 28 pixels; Mann–Whitney U-test: *p <
0.05). The shaded area and error bars represent the standard deviation. (For interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)
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We then tested whether the development of LRCs is depen-
ent on the characteristics of visual stimuli, by comparing results
btained when natural images from CIFAR-10 and pixel-by-pixel
andomly permuted images of these images were used for train-
ng (Fig. 5(a)). We observed that the average performance of
mage classification was not different between these two condi-
ions (Fig. 5(b)), but the developed LRCs for random images were
oticeably fewer than those for the natural image training set
Fig. 5(c) and (d), left). The ratio of LRCs in the natural image train-
ng set was significantly higher than that in the permuted image
et (Fig. 5(d), right, Mann–Whitney U-test: *p < 0.0005). This
uggests that the characteristics of visual stimuli can contribute
ritically to the development of lateral connectivity patterns. To
est this scenario further, we used texturized images (Brendel &
ethge, 2019) as inputs for training (Fig. 5(e)). In this case, local
atches (local information conserved) were maintained while
heir locations were randomized (global information scrambled).
e found that the developed LRC ratio gradually decreased as

he patch size decreased from 28 × 28 to 1 × 1 (Fig. 5(f)). For
xample, the ratio of LRCs developed for the texturized images
patch size = 7 × 7 pixels) was significantly lower than that for
he original images (Fig. 5(g), Mann–Whitney U-test: *p < 0.05).
hese results further support the idea that the development of
RCs is particularly dependent on the global organization of the
nput image sets.

. Discussion

In this study, we showed that a network with long-range
onnections can perform cost-efficient image classification. We
irst found that the addition of LRCs into the locally convergent
eedforward network could dramatically enhance image percep-
ion performance. This dramatic increment was only observed
hen the training image included informative low-frequency
omponents, which implies that LRCs contribute to improving
bject recognition by integrating global information contained in
he input image. We further confirmed that LRCs could emerge
pontaneously from randomly initialized networks through an
ptimization process with an objective function comprising both
erformance and wiring cost terms.
Considering that natural images contain a significant amount

f low-frequency components (Simoncelli & Olshausen, 2001), a
uccessful visual recognition system must capture these informa-
ive ‘‘global’’ correlations in visual images (Turner, Sanchez Gi-
aldo, Schwartz, & Rieke, 2019). In a network that uses sufficiently
eep layers and a large number of connections, the size of the
eceptive field gradually increases moving up in the hierarchy
Luo, Li, Urtasun, & Zemel, 2016). Therefore, even if receptive
ields are localized in lower layers, the higher layer can suffi-
iently encode global information through deep structures of the
etwork (Zeiler & Fergus, 2014). However, presumably due to the
olume limitation, the brain’s visual pathway is not deep enough,
aking it difficult to capture global information effectively with
local receptive field. Enlarging receptive fields in initial layers is
ot an appropriate solution because they cannot precisely capture
igh-frequency ‘‘local’’ information. Here, we showed that the
ombination of dense local convergent connections and a small
umber of long-range connections may address this issue.
Throughout this study, we performed simulations using con-

ergent network models instead of convolutional neural net-
orks (CNNs). Indeed, deep CNNs with recurrent connections can
chieve much higher classification performance than the current
odel (Liang & Hu, 2015; Linsley, Kim, Veerabadran, Windolf, &
erre, 2018; Montobbio, Bonnasse-Gahot, Citti, & Sarti, 2019; Spo-
rer, McClure, & Kriegeskorte, 2017; Tang et al., 2018). However, a
irect comparison of the current model with CNNs is inadequate
83
ue to the intrinsic differences in the network structures between
he two. A convergence network model is implemented in the
urrent study to provide a more biologically inspired architec-
ure, including localized receptive fields of neurons as well as
ocalized convergent feedforward projections with a weight dis-
ribution having considerable variance across the network space.
n contrast, CNN models have artificial components designed for
odel simplicity and to reduce the computational cost, such as
eight sharing, which are not directly comparable to biological
quivalents.
Nevertheless, it would be interesting to suggest that LRCs en-

ance the cost-efficiency of the network by playing a role similar
o that of weight sharing in a CNN. LRCs reduce the structural and
omputational cost of the network by removing redundant con-
ections and adding shortcuts. Importantly, from ‘‘like-to-like’’
onnections between similarly tuned units that exist periodically
cross the cortical surface (Bosking et al., 1997; Voges et al.,
010), LRCs generate periodic patches of functional modules that
acilitate communication and the sharing of global information
t different locations. This may have an effect similar to that
f weight sharing by convolution in CNNs such that biological
etworks show enhanced performance even with a constrained
ircuit structure and lower energy consumption.
There have been similar approaches in model neural network

tudies (Liang & Hu, 2015; Linsley et al., 2018; Montobbio et al.,
019; Spoerer et al., 2017; Tang et al., 2018), in which lateral
onnections are added to model networks to improve the per-
ormance on visual tasks such as object recognition. However,
hile these models implemented lateral connections that were

ocalized (<1 mm) and uniformly distributed in most cases, our
roposed model pays attention to the distinct characteristics of
RCs in terms of the connectivity organization — extraordinarily
ong, sparse, and tuning-specific connectivity. It is commonly
ssumed that such long connections, which require a significant
iring cost, may develop due to their important functional role,
hich compensates for their high wiring cost. In the current
tudy, we explore a scenario in which the network can take ad-
antage of this distinct organization of LRCs. We show that ‘‘long
nd sparse’’ connections have higher cost-efficiency than ‘‘short
nd uniform’’ lateral connections and that this tuning-specific
onnectivity in the network can be reproduced spontaneously
rom circuit optimization for cost-efficiency. This distinguishes
ur current work from other studies of the roles of local lateral
onnections.
Lateral inhibition, often implemented by lateral connections,

s an important factor, the function of which can be compared
o that of the feedback function implemented by LRCs, consid-
ring that lateral inhibition can also improve object recognition
y enhancing the contrast and sharpening visual signals (Roska,
emeth, Orzo, & Werblin, 2000; Yantis & Abrams, 2014). An
mportant difference is that lateral inhibition only works by sup-
ressing the activities of neighboring neurons, while LRCs can
ontribute with both excitatory and inhibitory interactions. In
ddition, the effective range of lateral inhibition is relatively
mall, implying that it can control the gain function of a small,
ocal patch in most cases. In contrast, LRCs can induce interactions
etween neurons that are far apart from each other. Lastly, lateral
nhibition affects neighboring neurons uniformly or by simple
ule, such as a decaying function of weight according to the
istances between neurons. LRCs, on the other hand, make more
pecific pin-point connections between neurons depending on
heir tuning similarity. Overall, these distinct characteristics be-
ween lateral inhibition and LRC feedback suggest that they play
ifferent roles in information processing, which may together
ontribute to the consistent visual recognition of various types
f stimulus information.
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In the current study, we took a bi-directional approach to
nvestigate the role of LRCs, that is, one that involved both goal-
riented and stimulus-oriented analysis. A goal-oriented frame-
ork is a top-down approach to describe the brain structure from
he perspective of implementing higher-level functions. Examples
f a goal-oriented approach can be found in the previous pio-
eering works comparing deep CNN models and the visual path-
ay (Bashivan, Kar, & DiCarlo, 2019; Yamins et al., 2014). This
oal-oriented approach provides a plausible explanation of the
unctions of certain structures (i.e., receptive fields for invariant
bject recognition). However, it cannot explain why those partic-
lar structures (e.g. Gabor filter) are found after training of the
etwork, and whether they are indeed the structures that most
ffectively process the given stimulus sets (e.g. a natural image).
n contradistinction to the goal-oriented approach, the stimulus-
riented framework theoretically finds the brain structure that
ost effectively processes the given features of the stimulus. An
xample of a stimulus-oriented approach is the efficient tiling hy-
othesis (Nauhaus, Nielsen, & Callaway, 2016; Song, Jang, Kim, &
aik, 2018). Because stimulus-oriented frameworks also have lim-
tations in explaining how high-level cognitive functions emerge,
oth stimulus-oriented and goal-oriented approaches should be
sed together to understand the system thoroughly. In our anal-
ses using various types of controlled stimuli, we showed that
igh- and low-frequency components contained in the natural
mage could be processed by local convergence and long-range
orizontal connections, respectively. Together with this bottom-
p approach, we also tried a top-down approach by which we
xamined the optimized connectivity for efficient encoding of
natural image to confirm that the LRCs are developed as a

onsequence of optimization. Demonstrating either one of these
esults may not be sufficient to draw conclusions on the role of
RCs, but taken together, our results could provide evidence that
he LRCs integrate global features to perceive natural images.

. Conclusion

Overall, the present results indicate that long-range connectiv-
ty added to local feedforward projections might be a key archi-
ecture of shallow networks under physical constraints for par-
imonious object recognition. Our results suggest a biologically-
nspired strategy for balancing cost and performance, which may
nspire a new cost-efficient artificial neural network architecture.
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