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A Brain-Inspired Approach for Collision-Free
Movement Planning in the Small Operational Space
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Abstract— In a small operational space, e.g., mesoscale or
microscale, we need to control movements carefully because of
fragile objects. This article proposes a novel structure based on
spiking neural networks to imitate the joint function of multiple
brain regions in visual guiding in the small operational space and
offers two channels to achieve collision-free movements. For the
state sensation, we simulate the primary visual cortex to directly
extract features from multiple input images and the high-level
visual cortex to obtain the object distance, which is indirectly
measurable, in the Cartesian coordinates. Our approach emulates
the prefrontal cortex from two aspects: multiple liquid state
machines to predict distances of the next several steps based on
the preceding trajectory and a block-based excitation-inhibition
feedforward network to plan movements considering the target
and prediction. Responding to “too close” states needs rich
temporal information, and we leverage a cerebellar network
for the subconscious reaction. From the viewpoint of the inner
pathway, they also form two channels. One channel starts from
state extraction to attraction movement planning, both in the
camera coordinates, behaving visual-servo control. The other
is the collision-avoidance channel, which calculates distances,
predicts trajectories, and reacts to the repulsion, all in the
Cartesian coordinates. We provide appropriate supervised signals
for coarse training and apply reinforcement learning to modify
synapses in accordance with reality. Simulation and experiment
results validate the proposed method.
Index Terms— Brain-inspired structure, collision-free movement planning, small operational space, spiking neural
networks (SNNs).

I. I NTRODUCTION

C

OLLISION-FREE movement planning is an intricate and
fundamental topic in robotics to steer clear of possible obstacles. After acquiring the information acquired from
exterior sensors, it seeks to find a safe trajectory without
colliding with the static environment, the moving obstacles,
or the partners [1]. The received information can be perfect
or imperfect, in which partial information is provided. The
algorithms can be centralized, where a central server generates
commands and communicates with each agent [2], and decentralized without communication. The object’s shape can be
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unchanged or deforming [3], such as soft and module robots.
Many works have addressed this collision-free issue.
Robots manipulate small-sized (mesoscale or microscale)
objects in a small space with ultrahigh-resolution cameras
providing precise observation [4], which is a typical task
in high-precision manipulation and assembly [5]. It has two
distinctions. One is the requirement of high-accuracy distance
calculation due to the object fragility. The other is that it naturally demands observations of multiple ultrahigh-resolution
cameras from diverse directions due to their properties, making
it difficult to get distance vectors in the Cartesian space from
images in different camera coordinates. For that concern,
a projection method in [6] uses lower dimensional contours to
acquire 3-D distance vectors, and a hybrid controller guides
collision-free movements. In this domain, researchers mainly
focus on precision, usually planning collision-free trajectories
and employing hand-crafted controllers. They seldom mention
the biological learning approaches based on neural networks,
lacking uncertainty adaptation and error tolerance.
Different from traditional artificial neural networks, spiking neural networks (SNNs) mimic the nature of the brain,
attempting to bridge the gap between biology and machine
learning. They can process spatiotemporal information via
spikes and are energy efficient due to their event-based property [7]. Researchers usually employ SNNs to build biological
structures in achieving different human-like functions. The
ultimate advantage of SNNs comes from the ability to handle
continuous input streams from the ever-changing world [8],
and one major problem faced by robot control originates from
the concern of a time series evolution of dynamics. Therefore,
SNNs are suitable for robot control, and various tasks have
been addressed in this manner [9]. Some recent works include
compliant control [10] using a cerebellar structure, adaptive
motor learning on a neuromorphic processor [11], nonlinear model predictive control [12], and target tracking [13].
It shows that applying SNNs to robotic tasks presents a
paradigm of making robots performing more biologically.
Avoidance behavior is also an essential topic in brain
research [14], and SNNs are used to imitate how creatures
steer clear of possible obstacles in the natural environment.
Based on visual cues, a navigation control network is studied in [15] to avoid movable stuff. In another biologically
motivated structure, reinforcement learning is involved in
goal-directed collision avoidance [16]. An SNN model is
investigated in [17] for collision avoidance driven by the output of a dynamic vision sensor. A closed-loop reactive control
method is applied to realize obstacle avoidance and target
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acquisition on a neuromorphic processor [18]. However, how
to utilize the merits of SNNs to plan collision-free movements
in a small operational space with high accuracy remains an
open problem. Two questions are essential in studying it:
how to manipulate precisely with SNNs and to decompose
complicated behaviors into channels with basic sensing, acting,
predicting, and planning from a biological point of view.
This article proposes a biological structure to emulate the
joint function of multiple brain regions in planning collisionfree movements. We simulate the visual cortex to acquire
object states from ultrahigh-resolution images. Specifically,
the primary level extracts principal features in the camera coordinates, and the high level obtains the distance vector in the
Cartesian coordinates. To improve the planning performance,
we predict distances of the next several steps according to the
preceding trajectory via multiple liquid state machines (LSMs)
to address the prediction function of the prefrontal cortex.
For movement output, we employ a cerebellar network to
react whenever objects are close enough and a feedforward
network to plan attraction movements to the target regarding
the prediction. In addition, they also form two channels. The
visual servo channel employs the prefrontal cortex to approach
the target based on the directly measurable states extracted
by the primary visual cortex. The collision avoidance channel
uses the cerebellum to react to the current intrusion and the
prefrontal cortex to behave in advance for possible future
intrusion, based on the indirectly measurable distance observed
by the high-level visual cortex. We coarsely train the networks
using teaching signals produced by our designed controllers
and apply reinforcement learning techniques for fine adjustment. We validate the proposed structure in simulations and
experiments.
To our knowledge, this is the first address of applying SNNs
to plan collision-free movements in a small operational space,
and the main contributions are listed as follows.
1) We propose a novel structure to emulate the joint function of multiple brain regions for visual guidance with
ultrahigh-resolution cameras. It mimics the sensation
function of the visual cortex, the reaction function of the
cerebellum, and the planning and prediction functions of
the prefrontal cortex.
2) We also offer two channels, visual-servo in the camera
coordinates and collision-avoidance in the Cartesian
coordinates, in planning collision-free movements.
Our motivation is to propose a brain-inspired approach to
investigate collision-free movement control. From the perspective of the structure, we imitate the cooperation of multiple brain regions to fulfill the complex process, including
sensing, reaction, prediction, and planning. Besides, we also
take advantage of spiking networks to simulate the neuron
dynamics of the brain.
II. TASK D ESCRIPTION AND THE M ETHOD OVERVIEW
We first describe the task with which some principle parameters are declared and then introduce the overall network
structure, explaining the reason for choosing some brain
regions.

A. Task Description
This article considers collision-free movements of
mesoscale objects under the visual guidance of ultrahighresolution cameras. Since these cameras have the properties
of planar vision, small field of view, and shallow depth
of field, at least two of them are employed from different
view directions to obtain object states. There are three types
of coordinate frames: the Cartesian coordinates to express
object distance vectors; the camera coordinates, where object
features are acquired, and the desired state is expressed; the
manipulator coordinates for motor driving. We label “1” and
“2” for the name of cameras and a and b to stand for the
objects. For object a, viewed by the camera “1,” we use u a1
and v a1 to represent the horizontal and vertical positions and
αa1 to depict the angle from the horizontal line to its principle
axis. The object state is uniquely determined in the camera
coordinates, with ua = [u a1 , v a1 , u a2 , v a2 ]T for position and
α a = [αa1 , αa2 ]T for posture.
We choose the commonly used cylindrical-shaped objects
for simple illustration and label Ra and Rb as the object
radii. Their distance s = [r, θ, ϕ]T is expressed in
spherical coordinates, where r is the vector distance, θ
is the azimuthal angle in the xy plane from the x-axis, and
ϕ is the polar angle from the positive z-axis. We manually
wear for each object a transparent “coat” with a thickness
of (sT /2), which sets a region indicating the “too-close”
state.
We label the object state as x = [uTa , uTb , α Ta , α Tb ]T and
the desired state as xd , both in the camera coordinates. The
torque τ ∈ R10×1 is expressed in the manipulator coordinates,
consisting of commands for the position and angle change to
both objects. The first and second three elements of this torque
are the drives for the translational movements of objects b
and a; the successive and last two components are the torques
to change the two objects’ angles, except for rolling. τmax is
the torque limitation. The goal is to move objects to their
desired states without collision and keep away from the abovementioned “too-close” region. The task is to imitate human
behaviors in achieving this goal.
B. Overview of the Approach
Fig. 1 shows our brain-inspired structure, and all modules
employ SNNs, which are biologically plausible, to process
spatiotemporal information. We also apply population coding,
which exists in the brain, to interact with signals to and
from robots and channels connecting multiple brain regions to
improve control accuracy and robustness. This structure incorporates the visual cortex, the cerebellum, and the prefrontal
cortex. The visual cortex is responsible for interpreting and
processing visual information from the eyes; the cerebellum
is involved in coordinating movement and balancing; and
the prefrontal cortex is responsible for many higher-level
thinking skills, such as analytical processing and executive
decision-making.
The reasons to imitate these three brain regions originate
from solving the mentioned task, which yields two channels.
One channel is about how to approach the target. It naturally
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Fig. 1. Overall structure of the brain-inspired networks. The left side depicts the pathways of signal inputs, command outputs, and between brain regions.
To the right are the multiple modules to simulate the function of the corresponding brain regions in operating in a small space. For each parameter in the
input and output layers, we use a circle for representation, while a group of neurons for processing spike trains to improve accuracy. Similarly, we use a
shadowed circle for vector representation, while a group of neurons for processing spike trains for each vector dimension.

needs to extract objects’ states from input images and drive
toward the target. Another is about how to avoid and react to
the intrusion of the “too-close” region. It requires monitoring
the distance between objects.
Based on the above analysis, we use the visual cortex
to obtain current states from images captured by cameras.
It consists of two parts: the primary visual cortex to extract
key features of object states in the camera coordinates and
the high-level visual cortex to calculate distance vectors of
objects in the Cartesian coordinates. We use two networks to
imitate the prediction and planning functions of the prefrontal
cortex. The prediction module leverages several recurrent
neural networks to predict the distance distributions of the next
several steps with a series of preceding trajectories stored in
long-term memory (LTM). The planning part is a block-based
excitation-inhibition feedforward network to plan attraction
movements toward the desired state while considering possible
intrusion of the “too-close” region. The cerebellar network acts
as a repulsion movement controller, pushing objects away like
the same-grade magnet if monitored “too-closed.” The sum
of the torques for attraction and repulsion drives the platform
after saturation.
From the viewpoint of the inner pathway, the visual-servo
channel consists of, in the camera coordinates, the sensation
of directly detected states by the primary visual cortex and
the toward-target movement planning by the prefrontal cortex.
The collision avoidance channel includes, in the Cartesian

coordinates, the sensation of indirectly detected states by
the high-level visual cortex, the reaction repulsion by the
cerebellum, and the repulsion for potential intrusion avoidance
by the prefrontal cortex.
III. B RAIN -I NSPIRED N ETWORKS
We briefly introduce the basics of the adopted spiking
neurons, explicitly describe each module, and discuss the
signal flow of the whole structure.
A. Processing of the Spiking Neurons
The leaky integrated-and-fire (LIF) model simplifies the
neuron dynamics
dU
= −[U − Urest ] + R I
(1)
τm
dt
where U is the membrane potential, Urest is the resting
potential, τm is the membrane time constant, I is the input
current, and R is the membrane resistance. If the accumulated
membrane potential surpasses the threshold Vth , the neuron
fires a spike and resets the potential to Urest . This article adopts
an iterative LIF model [19] to simulate the neuron dynamics


(2)
Ut+1 = kr Ut 1 − So,t + W Si,t+1
So,t+1 = f (Ut+1 − Vth )
(3)

0, x < 0
f (x) =
(4)
1, otherwise
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where Si and So are the received and output spike trains, W
is the learning weight, and kr is a decay factor.
We use population uniform encoding to generate spike trains
in the input layers of each module in the proposed structure.
To improve the encoding accuracy, we adjust the number of
spiking neurons for each parameter input based on its range.
For instance, one employs 200 neurons for a variable ranging
±500 μm. With a 50-time-step training window, the network
can fire 10,000 spikes at most, and if filling the range into the
maximum spike trains, this setting has a minimum resolution
of 0.1 μm. This example explains that the neuron number
in encoding is directly proportional to the accuracy. However, adding neurons leads to more network parameters and
results in the computational burden in training. This tradeoff
exists in selecting the neuron number and considering the
network accuracy. In the decoding process, we use a rate-based
method to transform spike trains to a corresponding real value,
in which we sum the spike number in a 50-time-step window
and multiply by the minimum resolution.
The training process includes supervised learning and reinforcement learning, depending on the property of the module.
For supervised learning, we use spatiotemporal backpropagation (STBP) [19] to train the networks with teaching
signals. For reinforcement learning, we use proximal policy
optimization by changing the actor-network to SNNs.
We can acquire the computational complexity based on the
computational complexity theory of neural networks and use
the floating-point operations for measurement. The computational complexity of the feedforward layers is
O(((M × N + N) + M) × T )

Fig. 2.

Visual cortex network.

Fig. 3.

Cerebellar network.

(5)

where N and M are the dimensions of the input and output
of the layer and T is the time-step training window. Similarly,
the computational complexity of the spiking convolution layers
is



(6)
O F 2 + K 2 × Cin × Cout × T
where F is the length of the feature map, K is the length of
the convolution kernel, and Cin and Cout are the numbers of
the input and output channels. It is worth noting that SNN can
be carried out in parallel and asynchronously. Its deployment
on neuromorphic chips will remarkably reduce running time
and energy consumption.
B. Visual Cortex Network
Fig. 2 shows the network for simulating the visual cortex,
and we separate it into two parts. The former part imitates the
primary visual cortex, receiving image inputs and extracting
the states of each object. Since the inputs are of high resolution, it needs to convert the binary images into a matrix of
spiking trains and implement several convolution and pooling
operations consecutively before sending signals through fullconnection layers. The latter part mimics the high-level visual
cortex, outputting the distance vector between objects in the
Cartesian coordinates according to the results of the precedent
counterpart. This subnetwork functions as the image Jacobian
matrices to map the states from the camera coordinates to

the Cartesian coordinates and as an optimizer to obtain the
vector of the shortest distance given the objects’ position and
orientation. It consists of multiple fully connected layers to
achieve these mapping and optimizing functions.
The first subnetwork outputs the radii, Ra and Rb , valuable
in obtaining distance vectors, and the state x, which is a
fundamental element both for the high-level cortex and for
the attraction planning module. We train this subnetwork
independently and provide teaching signals with traditional
feature extraction methods. The “vp error” function compares
the outputs of this subnetwork with the corresponding teaching
signals and regulates the synaptic efficacy.
The successive subnetwork comprises three groups of neurons in the output layer to represent the distance vector in
spherical coordinates, which is the exclusive time-variant parameter sent to the cerebellum cortex and the prediction module.
The “vh error” function computes the difference between the
teaching signal and the network outputs, providing information
to adjust the synapse while unchanging the weights of the
primary visual cortex.
C. Cerebellar Network
Fig. 3 shows the network for emulating the reaction behaviors of the cerebellum, immediately pushing objects away
whenever intrusion occurs, which is indispensable to avoid
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Fig. 4.

Fig. 5.

Prefrontal cortex network for prediction.

possible collisions. Its inputs include the predetermined repulsion region thickness, sT , the current distance vector, st ,
and an inner updated repulsion vector, s̃t−1 . The addition of
this inner vector aims to improve the repulsion performance.
Before sending these inputs into the network, we compare
the object distance and the repulsion region thickness, similar
to activation judgment, which determines whether the later
computation executes or not.
The mossy fibers (MFs) in the cerebellar network layer
receive excitatory spikes from all input neurons and inhibitory
spikes from the comparison neuron. It then propagates the
inputs to the granule cells (GCs) layer and the deep cerebellar
nuclei (DCN) layer. GCs can be modeled as a state generator, producing somatosensory neural activity based on their
inputs, and each GC connects to all neurons in MFs. Parallel
fibers (PFs) send the spikes of GCs to the Purkinje cells
(PCs). The DCN acts as an output layer, receiving inhibitory
inputs from the PCs and excitatory inputs from the MFs. The
cerebellar network produces the repulsion torque, τ r,t , and
the inner updated repulsion vector, s̃t . The repulsion torque
intends to react to the repulsion region intrusion.
We employ two processes to train this network. In the fitting
process, we design a controller, introduced in Section IV-B,
to generate teaching signals with any given inputs and modify
the synapse to push objects away approximately. The second
process employs the one-step loss function
T
τ r,t
Lc,t = (sT − rt )2 + γc τ r,t

(7)

where Lc is the loss function of the cerebellar network and
γc weights the torque penalty relative to the distance error.
The “repulsion reward” function is the sum of the discounted
one-step loss over time steps before the intrusion disappears,
and we fine-tune this network using reinforcement learning
techniques.
D. Prefrontal Cortex Network for Prediction
To improve the dynamic planning of collision-free movements, a distance prediction of the next several steps is a
primary requirement in actively avoiding possible intrusion.

5

Prefrontal cortex network for planning.

Fig. 4 presents the network for imitating the prediction function of the prefrontal cortex. To improve prediction accuracy
and simultaneously address the uncertainty, we employ several
predictors for distance estimation based on which to access
the distribution parameters. We use m + 1 distance vectors as
network inputs, including the current value and m vectors of
previous steps stored in the LTM, and predict the next q steps.
We also functionally divide this prefrontal cortex into two
parts. The first part employs n recurrent neural networks to
consider the spatiotemporal characteristics of the preceding
trajectory and predict the distance vectors of the next several
steps. We use an LSM [20] to fulfill the recurrent computation,
where the dynamic reservoir is randomized and fixed during
learning. These LSMs possess different initialized structures
and parameters, and therefore, n predictors are created. Each
neuron of the LSM receives all inputs and connects to the next
layer. It is followed by feedforward layers, whose outcomes
are sent to an independent group of neurons in the next layer,
via a one-to-all manner, with the same dimension as the input
distance vectors. The “prediction error” function compares
these outputs with teaching signals and propagates each error
signal to update the weights.
The second part is primarily to summarize the predictions,
obtaining the output distribution of all LSMs. Its inputs
include n groups of neurons representing each prediction,
and its outputs include the means, s̄t+1 , . . . , s̄t+q , and the
standard variances, σt+1 , . . . , σt+q , of the predicted distances.
Distribution parameters themselves show how to use prediction
outcomes: the means improve the prediction accuracy, and
the standard deviations imply confidence in the prediction.
The “distribution error” function compares these outputs with
correct spike trains, with errors propagated to update synaptic
efficacy.
E. Prefrontal Cortex Network for Planning
To imitate the planning function of the prefrontal cortex, we address movements to the target using the network
in Fig. 5, divided based on physical meanings to reduce
the computational burden. The upper is a fully connected
subnetwork, responsible for generating attraction movements,
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push objects away if they are currently “too close.” This
intrusion reaction is passive and belongs to feedback control.
To improve the performance, it sends the preceding distance
states stored in LTM to the prediction part of the prefrontal
cortex to predict distances of the next several steps. Spike
trains of distribution parameters are transmitted to the planning
part of this cortex to plan repulsion torque for a possible
intrusion. This behavior is active and belongs to feedforward
control.
Fig. 6.

Structure description of the two channels.

G. Biological Plausibility
which receives inputs of the desired state, xd , the current state,
xt , and the previous state, xt−1 , and outputs the attraction
torque.
The lower part applies to avoid potential intrusion, receiving
inputs of repulsion region thickness and distribution parameters of the predicted distances. It is also a fully connected
subnetwork, except for the first-place comparison between
sT and r̄t+1 , . . . , r̄t+q , and the comparison result if
min{r̄t+1 , . . . , r̄t+q } < sT holds inhibits computation of
later layers. Its outputs represent the repulsion torque for a
possible intrusion. We design a controller, as described in
Section IV-C, which produces supervised signals, and use the
functions of “attraction error” and “repulsion error” for the
coarse training of the two subnetworks.
The outputs of both subnetworks and the input τmax fully
connect to the next layer, which fully connects to the output
neurons of this prefrontal cortex network, indicating the planning attraction torque τ p,t . We use the following one-step loss
function to get fine-grained parameters:
L p,t = (xd − xt )T (xd − xt )
+ γ p,τ τ Tp,t τ p,t + γ p,s (sT − rt )2

(8)

where L p is the loss function of the planning network,
and γ p,τ and γ p,s are the weights for the torque and the
possible intrusion. The “planning adjustment” function sums
the one-step loss of each episode based on which we apply
reinforcement learning methods to tune the networks.
F. Two Channels
Another aspect is to connect these modules and realize
signal transmission. The brain-inspired structure proposed in
this article is based on two channels, as shown in Fig. 6, to plan
collision-free movements in a small operational space. Robot
movements bring about changes in objects’ states, which are
captured by the cameras. The visual-servo channel provides
the capability of moving toward the target. It employs the
primary visual cortex to extract the object states in images,
stores them in the short-term memory (STM), and sends the
current and the previous-step states to the prefrontal cortex
to plan toward-target movements in the camera coordinates.
The collision-avoidance channel is mainly responsible for
safety, maintaining objects apart, and includes feedforward
and feedback control. It first obtains the object distance, using
the high-level visual cortex from the outcomes of the primary
one, and sends it to the cerebellar module to unconsciously

The biological brain forms various cognitive functions by
incorporating different subbrain regions. These regions can be
considered as basic functional units of the brain, including
but not limited to the visual cortex, cerebellar, and prefrontal
cortex. The visual cortex with feedforward layers has been
found to take significant roles in multiscale visual-information
sensation [21], which has inspired many SNN algorithms with
the spirit of multiview [22] and convolutional features [23].
Compared to the visual cortex, the cerebellar is also layerwise
but with fewer layers and more asymmetrical synapses [24],
making it powerful on specialized sequential information
processing. The prefrontal cortex is more organized by subcortical units [25], where basic and simple cortical columns
cooperate to reach a far more complex cognitive function,
such as sequential prediction [26], working memory [27],
and long-term planning [28] with the help of other brain
regions (e.g., thalamus, hippocampus, and motor cortex).
These essential structural and functional features from the
visual cortex, cerebellum, and prefrontal cortex have inspired
us and incorporated into the designing of SNNs with more
biologically plausible structures toward biologically efficient
movement planning, as shown in the model description of
previous subsections.
IV. T EACHING S IGNAL G ENERATION
Since the robot operates in a small space, where high precision execution is generally required, initial training, supported
by teaching signals, is crucial to generate meaningful action
without disruptive influence.
A. Object State and Distance Vector
Given planar images from cameras, we find out regions of
interest, fit lines with least square methods, and calculate the
corner positions. The state in the camera coordinates comprises
the center positions of the end surface of each object, ua and
ub , and the angles of the principal axis, α a and α b . Computing
distances between the two edge lines yields object radii, Ra
and Rb . These results constitute teaching signals for the “vp
error” function in Fig. 2.
Transform the above state into the Cartesian coordinates
 1 †

Jw 
ub,t − ua,t
(9)
ps,t = 2
Jw
 
cu J †
w
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where ps is the relative position between centers of end
surfaces of the two objects in the Cartesian coordinates, i J w ∈
R2×3 is the image Jacobian matrix mapping from movements
in the Cartesian coordinates to image changes in the camera i
coordinates, cu J w is the combination of the two image Jacobian
matrices, and † means pseudoinverse. Express the direction of
object a, d a , as
d a,t =

cu †
Jw
cu
 J †w

cos αa1,t

sin αa1,t

cos αa2,t

sin αa2,t

T

cos αa1,t

sin αa1,t

cos αa2,t

sin αa2,t

T

.
2
(10)

We similarly compute the direction of object b, d b,t .
We use an optimization method to obtain the distance vector,
given objects’ parameters, positions, and postures
st = pb − pa
= arg min pb − pa 2
⎧ 

 pb − ps,t × d b,t 2 ≤ Rb
⎪
⎪
⎪
⎨ p − p  · d ≥ 0
b,t
b
s,t
s.t.
⎪
×
d

≤
Ra
p
a,t 2
⎪
⎪ a
⎩
pa · d a,t ≥ 0

(11)

B. Repulsion Controller
A repulsion torque is urgent to push objects away whenever intruding the repulsion region. An intuitive idea of this
repulsion reaction is to move along (without changing) the
distance direction. However, the repulsion torque is not the
only activation to the robot, and the attraction movement will
change the distance direction. Therefore, we need to consider
both the magnitude and the direction of the distance.
Given the azimuthal angle and the polar angle, the direction
of a distance-vector, d s,t , is
sin βt sin ϕθt ,

cos ϕt

T

.

(12)

Note that the cerebellar network generates repulsion torques
in the manipulator coordinates according to the distance in
the Cartesian coordinates. We employ a spring and damping
controller as follows to improve the repulsion performance:
τ̃ r,t = w R†m K rs (s̃T − s̃t ) − K rd s̃˙t

(13)

T
T
where τ r,t = [−τ̃ r,t
, τ̃ r,t
, 01×4 ]T is the repulsion torque,
3×3
Rm ∈ R
is the rotational matrix mapping from the
manipulator coordinates to the Cartesian coordinates, K rs ,
K rd ∈ R3×3 are the spring and damping parameter matrices,
and s̃ and s̃˙ are the repulsion state and velocity

s̃t − s̃t−1
rt d s,t , rt ≤ sT
. (14)
s̃t =
s̃˙t =
t
0,
otherwise,

w

ε is a parameter for collision detachment, and

sT d s,t , rt =0
s̃T =
εd s,t−1 , otherwise.

The collision detachment aims at separating objects quickly
whenever the distance is close to (or equals) zero.
An optimization-based method is employed to acquire the
controller parameters in (13). In this process, we randomize
a variety of initial states in the repulsion region and use
the sum of the loss function in (7) over the reaction time
for optimization. For the stability of the closed-loop system,
we consider the stepper motors as used in experiments to
drive the manipulators and model them as a one-order inertial
element and an integral element due to the low speed required
in precision manipulation. It is sure that, with the controller in
(13), the control system is stable if the parameters are welltuned. The reason that we choose this spring and damping controller is due to the desired performance. Since the generated
repulsion aims to push objects away appropriately, we expect
the controller to generate larger forces for closer states and
perform slightly for a small intrusion state. This requirement
is just in line with the ability of the spring damping controller.
The generated repulsion torque τ r,t is the teaching signal for
the coarse tune of the cerebellar network.
C. Movement Planner

where pb and pa are points on objects b and a, as expressed in
the Cartesian coordinates. The optimization result st is the
teaching signal for the “vh error” function in Fig. 2.

d s,t = sin ϕt cos θt ,

7

(15)

The movement planner generates torques to drive objects
toward their desired states while considering the distance
prediction. It consists of two parts: attraction movements
to gradually approach the goal and repulsion movements to
avoid potential intrusion into the repulsion region. Recall that,
in Fig. 5, the upper subnetwork maps from object states in the
camera coordinates to torques in the manipulator coordinates.
We use an incremental PI controller to generate attraction
torques
τ p1,t = c J †w K ap (xt−1 − xt ) + K ai (xd − xt )

(16)

where τ p1 is the torque toward the desired states, K ap ,
K ai ∈ R12×12 are the proportional and derivative parameter
matrices, c J †w = diag{cu J †w , cu J †w , cα J †w , cα J †w } is the image
Jacobian matrix considering both positions and postures, and
cα
J w ∈ R2×2 is the image Jacobian matrix relating to angles.
We use the Ziegler–Nichols method to tune the parameters of
the above controller. The torque τ p1 is the teaching signal of
the “attraction error” function in the prefrontal cortex network.
We use a spring controller discounted by prediction confidence to avoid potential intrusion
⎧ q

⎪
⎪
⎪
γr j w R†m K ar
⎪
⎨
τ̃ p2,t = j =1
(17)

⎪
s
d̄
−
r̄
,
r̄
≤
s
⎪
T
t+
j
s,t+
j
t+
j
T
⎪
⎪
⎩
0,
otherwise
where τ p2,t = [−τ̃ Tp2,t , τ̃ Tp2,t , 01×4 ]T is the torque to avoid
potential intrusion, K ar ∈ R3×3 is a parameter matrix, r̄t+ j
is the magnitude part of the next j step prediction s̄t+ j , d̄ s,t+ j
is the predicted distance direction computed by (12) with the
prediction s̄t+ j , γr j ∈ (0, 1] is a parameter depicting the
prediction confidence
  σ0



−σ0 N 0, σt+ j dμ
γr j = min  σ0
,1
(18)
−σ0 N (0, σ0 )dμ
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Fig. 7. Testing results of the visual cortex, where the horizontal axis is the error, and the vertical axis is the proportion that it happens. From left to right are
the relative horizontal and vertical positions between two objects in the camera “1” coordinates, the relative horizontal position in the camera “2” coordinates,
the relative angles between the two objects in the two camera coordinates, and the distance vector in the Cartesian coordinates. The blue bars stand for the
outputs of the primary visual cortex, and the green ones are the outputs of the high-level visual cortex.
TABLE I
PART OF PARAMETERS U SED IN T HIS A RTICLE

and σ0 is the comparing variance. Equation (18) computes
the confidence parameter as the ratio of the probability of the
predicted distribution to that of standard Gaussian distribution
ranged ±σ0 . The torque τ p2 serves as the teaching signal of
the “repulsion error” function in Fig. 5.
The planner outputs the sum of the two torques after
saturation
⎧
⎪
τ p1,t + τ p2,t 2 ≤ τmax
⎨ τ p1,t + τ p2,t ,
(19)
τ p,t =
τ p1,t + τ p2,t
⎪
, otherwise
⎩ τmax
τ p1,t + τ p2,t 2
where τ p is the torque for the planned movement.
V. N ETWORK T RAINING AND V ERIFICATION
We introduce the structure of each model in detail to achieve
manipulation in a small operational space and show their
performance in simulations and experiments. We implement
the training and test with python and list some parameters
in Table I.
A. Visual Cortex Network
The images provided by the ultrahigh-resolution cameras
are on the order of 2000 × 2000 pixels, and we employ spiking
convolutional neural networks in the primary visual cortex to
extract states. Considering the image size and the requirement
of at least two images from different view directions, we first
stitch the two input images into a binary one and convert
it into a matrix of 1000 × 1000 × 8 spike trains via a
2 × 4 sliding window. After transforming inputs into spikes,
we employ five convolution layers, each followed by a 2 × 2
average pooling with a stride of 2. The convolution layers
take the expression form of (in_channels, out_channels, stride,
padding, and kernel_size), and their structures are (1, 128, 5,
3, 11), (128, 128, 1, 2, 5), (128, 256, 1, 1, 3), (256, 256, 1,

1, 3), and (256, 256, 1, 1, 3) in sequence. Three feedforward
layers come after it, with neuron sizes of 2048, 2048, and 720.
In the output layer of the primary visual cortex, to improve
the state expression accuracy, we use 200 neurons to represent
one position and 60 neurons for one posture, which yields
720 neurons for three positions and two postures.
The high-level visual cortex consists of five feedforward
layers, with 2500 neurons for each hidden layer and 650 neurons for the output layer. To accurately represent the distance
vector, we use 400 neurons for the distance and 250 neurons
for the two angles.
The training set for the two parts of the visual cortex
incorporates 10,000 images, and the test set includes 2000.
Fig. 7 presents the error proportions, with the first five
subfigures for the primary visual cortex and the rest for
the high-level one. It shows that the testing errors of each
parameter roughly conform to the Gaussian distribution, and
we fit them using the Gaussian function, with parameters
listed in Table II. Our primary visual cortex extracts position
errors with standard deviations of approximately 3.5 pixels and
means of 0.3 pixels for such a high-resolution image input.
Meanwhile, the means and standard deviations of the two
angles in images average 0.002 and 0.033 rad. The high-level
visual cortex maps the former outputs to the distance vector in
the Cartesian coordinates. The distance magnitude has a mean
of 0.88 μm and a standard deviation of 13.77 μm. Compared
to covering the maximum range of 10,000 μm, this result is
acceptable, with a 0.99 R-squared. The azimuthal angle θ
has a range of 0 ∼ (ζ/2) rad and fewer position errors. The
polar angle ϕ needs to cover any value between ±ζ radians
and correspondingly has a standard deviation of 0.075 rad.
Those results show that our visual cortex network can achieve
substantial accuracy, with low variance detection results for
the ultrahigh-resolution image inputs.
B. Cerebellar Network
The inputs of the cerebellar network are the spikes
of 910 neurons, which include 650 neurons from the visual
cortex, 20 neurons for the threshold representation, and
240 neurons for the inner parameter. This module has 100 neurons in the MFs, 1500 in the GCs, 540 in the PCs, and 540 in
the DCN. The output layer has 100 neurons for the torque
of each axis and 240 neurons for s̃t . We coarsely train the
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TABLE II
D ISTRIBUTION PARAMETERS OF THE E RROR P ROPORTION FOR THE V ISUAL C ORTEX N ETWORK

Fig. 8. Trajectories of the cerebellar network reacting to randomly initialized
intrusion states. Between the inner and outer shapes is the “too close”
region. The black points are the initialized states, and the red curves are
the trajectories.

network with the outcomes of the repulsion reaction controller
and fine-tune it with reinforcement learning.
Fig. 8 shows the trajectories reacting to randomly initialized
intrusion states. Those initialized states (black points) are sampled in the “too close” region (red curves), with randomized
positions and velocities. For any initial state, the output torques
can drive objects directly away from the repulsion region. This
result validates that the cerebellar network can fast respond
whenever intruding into the region.
C. Prefrontal Cortex Network
In the prefrontal cortex network for prediction, we take
five preceding distance vectors that are the outcomes of the
high-level visual cortex, as inputs, and connect them to all
neurons of the LSM via a one-to-all manner. The LSM
consists of seven cubed neurons, and its dynamic reservoir
is randomized and fixed. This recurrent neural network is
followed by four feedforward layers, which embody 2000,
2000, 1000, and 650 neurons in sequence. We employ five
independent subnetworks, each possessing the same structure,
to implement multiple predictions and train these subnetworks
with 30 000 pairs of sequent states. The distribution parameters
of these predictions are summarized by the following subnetwork, which consists of three hidden layers, each including
500 neurons. The output layer of this module has 870 neurons,
where 650 neurons represent the mean, and 220 neurons stand
for the standard variance.
We test the prediction network with 5000 sequent states and
show the performance in Fig. 9. The first subfigure presents
the predicted results of the object distance given a randomly
picked trajectory, and the predicted curve is approximately
coincident with the labeled value. Large prediction errors exist
when there is a rapid direction change (see the magnified
area), and they disappear after the distance recovers to a slowchanging mode. Fig. 9(b) shows the error proportion of all
testing results, and the distribution parameters are 1.62 μm for
the mean and 13.6 μm for the standard deviation. Compared

Fig. 9. Performance of the prediction network. (a) Real and the predicted
trajectories of the object distance. (b) Prediction error distribution on a testing
set.

Fig. 10. Firing rates of different modules. From left to right are the modules
of the primary visual cortex, the high-level visual cortex, the prefrontal cortex
for prediction, the prefrontal cortex for planning, and the cerebellum.

to the repulsion threshold sT = 400 μm, this prediction
accuracy is adequate for collision avoidance.
In the prefrontal cortex network for planning, the subnetwork related to attraction movements receives inputs from
720 × 2 neurons of the visual cortex and 720 from the prior
knowledge, consists of three hidden layers with 1440, 1000,
and 800 neurons in sequence, and outputs the attraction torque
with 300 neurons. The subnetwork related to the potential
intrusion has four layers: its inputs come from outcomes of the
prediction module and 20 neurons for the distance threshold;
both the two hidden layers have 500 neurons; and its outputs
are the same as the cerebellar network. STBP is employed to
train these two subnetworks with teaching signals provided by
the movement planner. The third subnetwork has one hidden
layer with 2000 neurons to saturate torques, connecting to
the 300 neurons in the output layer. We regulate the synapse
of the whole planning module with reinforcement learning.
We validate the performance of this part in testing the overall
structure.
D. Discussion and Comparisons
Since SNN has advantages in parallel and asynchronous
computing, we analyze the proposed structure using simulation
time, which is more biologically plausible. Recall that the
two channels in Fig. 6 incorporate three branches. Therefore,
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Fig. 11. Comparative experiments of collision avoidance. (a) 3-D view of the relative position trajectory. (b) Trajectories viewed from the top. (c) Distances
between two objects in the trajectories. (d) Distances into the intrusion region.
TABLE III
R ESULTS OF S EVERAL S ELECTED N ETWORK S CALES OF THE P LANNING
M ODULE M IMICKING THE P REFRONTAL C ORTEX

we list the simulation time of each part and select the longest
one as the corresponding period of our method. We use
a 50-ms-time-step window in encoding and decoding. The
visual servo channel costs 62 ms to reach the torque τ p1 ;
the bypass through the cerebellum spends 68 ms to compute
the torque τ r ; and the other bypass in the collision avoidance
channel needs 74 ms to generate the torque τ p2 . Therefore,
the networks take 74 ms to respond to visual inputs, and this
response will be further shortened if we deploy the networks
on neuromorphic chips.
We also test the firing rate of each module and show the
results in Fig. 10. The neurons in the spiking convolutional
network fire the least, about 5%, due to the sparse feature
of input images, which causes the voltage in neurons to be
hardly accumulated to surpass the firing threshold. The LSM,
on the contrary, fires the most, approximately 38%. Due to the
recurrent structure, every neuron interacts with others, and
the voltages are easily accrued to reach the firing condition.
The firing rates of the other three modules are similar, averaged
26%. These results reflect the energy conservation of the
structure composed of spiking neurons over those nonspiking
ones, which facilitates synchronous computation.
There exists a tradeoff between network accuracy and
computational complexity. For each module, we list several
options of network scale, test their performance, and choose
the network parameters accordingly. We use an environment
with Intel Core i7-4710MQ and NVIDIA GTX980M for
testing, and Table III displays the results of several network
sizes in the planning module mimicking the prefrontal cortex.
This module has three layers, and we present four different
layer sizes with considerable performance. In this table, errors
between network outputs and the labels are utilized to show
how accurate the model approximates. We test on 40 000 state
computation and average results for discussion. It shows that,
with more neurons, the model produces fewer errors and

Fig. 12.
Mesoscale manipulation platform for experimental tests. The
experiment uses horizontal cameras 1 and 2 and manipulators 3 and 4.

computes slower. We pick the size of the third row by comprehensively considering the scale, accuracy, and efficiency.
Besides the computation, we also compare the performance
in collision avoidance. A recent similar task is from [6],
where a spring and damping controller is employed to avoid
object collision in a small space. Fig. 11 shows the results
of controlling two randomly picked trajectories. Since the
comparative method has no distance prediction, the controller
activates after the repulsion region is intruded. It causes
that objects are closer to each other. Fig. 11(c) depicts the
object distances of the two trajectories. For the one with
initialization of a farther distance (more than 1 mm), our
approach predicts the object distance, reacts in advance and
only slightly surpasses the threshold (see the upper red curve).
However, the comparative method moves the objects deep into
the repulsion region. Another trajectory is initialized at a closer
distance (less than 0.6 mm), and the first six states are beyond
the threshold. Recall that we set m = 4, which means that
we take the previous four states for the current prediction.
It results in that the repulsion region is intruded before the
torque to avoid possible intrusion activates, and the objects
are much closer than the first example [see the lower red
curve in Fig. 11(c)]. Even in this unfavorable situation, our
approach still performs better than the comparative method,
earlier to push objects away. Fig. 11(d) explicitly presents the
magnitudes below the threshold, and the proposed network has
shown superior performance.
E. Experiments
We use a mesoscale manipulation platform, as shown
in Fig. 12, to test the overall structure and employ two
cameras and two manipulators in this experiment. The
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Fig. 13. Performance of the overall structure. (a) Trajectories of the relative positions between the two objects and the their distance. (b) 3-D view of the
relative position trajectory. (c) Trajectories of the real distance and the predicted value. (d) Network outputs. (e) Spikes of the output layers.

Fig. 14. Object configurations at zero, 16, 19, 28, 31, 40, 80, and 150 steps. The first row is the figures in the view of microscope “1,” and the second row
is of microscope “2.”

manipulator “3” is equipped with three linear ball guides,
Suguar KWG06030-G, whose translational resolution is
±0.5 μm, to achieve 3-D translational movement. It also
has a two-axis rotation stage, Sigma KKD-25C, for twoDOF tilt adjustment. The manipulator “4” is equipped with
an elevator stage, Micos ES-100, with movement errors
within 0.1 μm, and three motorized goniometer stages,
KGW06050-L, KGW06075-L, and SGSP-40yaw, for rotation.
According to the property of the manipulators, the networks
output accelerations instead of torques to drive objects. The
microscopes locate horizontally, which are GC2450 with a
resolution of 2448 × 2050 pixels, and the maximum pixel
size is 3.45 μm. The camera lens is Navitar Zoom 6000,
with magnification ranging 0.7 ∼ 4.5. The two objects are
cylinder-shaped with diameters of 985 μm.
Fig. 13(a) shows the trajectory from its randomly picked
starting point to the target, and the object does not directly
move toward its goal due to the possible collision. For a
clear view of the process, we present a 3-D view, as shown
in Fig. 13(b), of the movements and the relative positions.
Fig. 13(c) shows the actual and predicted distance trajectories,
which reveals that the two objects are “too close” at step 15.
The network outputs in Fig. 13(d) illustrate that the predictionrelated repulsion torque appears at three steps before the intrusion, and the cerebellar network activates whenever r < sT
holds. The repulsion torque pushes objects away, and they
continue approaching the goal. Fig. 13(e) presents the spike
trains for parts of neurons in the output layer, corresponding to
the network outputs. Fig. 14 shows the serial figures of objects
observed by the two horizontal cameras.
The experiment results validate the proposed approach in
guiding collision-free movements with high precision, including the networks imitating the joint function of multiple
brain regions and the two channels. Each module functions

appropriately. As shown in Fig. 13(d), the planning module
continues to output attraction torques (red curves), the predicting part generates repulsion torques in advance (green), and the
cerebellar network activates to avoid “too close” states (blue).
It coincides with the brain, which simultaneously performs
feedforward and feedback control. Meanwhile, there are two
schemes for collision avoidance embodied in this article. The
feedforward control based on the predicted distances changes
the moving direction in advance, improving the overall performance. The feedback control based on the current distance
quickly repulses if the region is intruded, ensuring safety.
VI. C ONCLUSION
This article presents a novel structure based on SNNs
to imitate the joint function of multiple brain regions for
visual guidance in a small operational space. We use three
modules to simulate the sensation function of the visual cortex,
the reaction function of the cerebellum, and the prediction
and planning functions of the prefrontal cortex. Given input
images from ultrahigh-resolution cameras, the mimicked primary visual cortex extracts the object states in the camera
coordinates. The mimicked high-level visual cortex computes
the distance vector in the Cartesian coordinates. The preceding
trajectory of object distances is sent to one part of the
prefrontal cortex to estimate the values of the next several
steps with multiple LSMs. The object state and the prediction
parameters are transmitted to another part of the prefrontal
cortex to plan movements to the goal considering possible
intrusion. In another aspect, if the objects are “too close,”
the cerebellar network is activated to mimic the subconscious
reaction. We provide appropriate methods to generate teaching
signals for each module and loss functions for the cerebellum
and the prefrontal cortex to adjust the synapse. Experiment
results validate the proposed method.
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From the viewpoint of signal flow, we also come up with
two channels for the task. The visual-servo channel extracts
object states and then plans attraction movements in the
camera coordinates. The collision-avoidance one computes,
predicts, and reacts to objects’ distance in the Cartesian
coordinates.
Future research will investigate how to leverage the encoding/decoding, spike timing, and other property of SNNs to give
an underlying explanation of the neuronal activity. We will
also deploy the structure on a neuromorphic chip to fasten the
processing.
R EFERENCES
[1] D. Wang, T. Fan, T. Han, and J. Pan, “A two-stage reinforcement learning
approach for multi-UAV collision avoidance under imperfect sensing,”
IEEE Robot. Autom. Lett., vol. 5, no. 2, pp. 3098–3105, Apr. 2020.
[2] K. H. Movric and F. L. Lewis, “Cooperative optimal control for
multi-agent systems on directed graph topologies,” IEEE Trans. Autom.
Control, vol. 59, no. 3, pp. 769–774, Mar. 2014.
[3] V. Sunkara, A. Chakravarthy, and D. Ghose, “Collision avoidance of
arbitrarily shaped deforming objects using collision cones,” IEEE Robot.
Autom. Lett., vol. 4, no. 2, pp. 2156–2163, Apr. 2019.
[4] J. D. Wason, J. T. Wen, J. J. Gorman, and N. G. Dagalakis, “Automated
multiprobe microassembly using vision feedback,” IEEE Trans. Robot.,
vol. 28, no. 5, pp. 1090–1103, Oct. 2012.
[5] D. Xing, D. Xu, F. Liu, H. Li, and Z. Zhang, “Precision assembly
among multiple thin objects with various fit types,” IEEE/ASME Trans.
Mechatronics, vol. 21, no. 1, pp. 364–378, Feb. 2016.
[6] D. Xing et al., “Motion control for cylindrical objects in microscope’s
view using a projection method—II: Collision avoidance with reduced
dimensional guidance,” IEEE Trans. Ind. Electron., vol. 64, no. 7,
pp. 5534–5544, Jul. 2017.
[7] W. Maass, “Searching for principles of brain computation,” Current
Opinion Behav. Sci., vol. 11, pp. 81–92, Oct. 2016.
[8] K. Roy, A. Jaiswal, and P. Panda, “Towards spike-based machine
intelligence with neuromorphic computing,” Nature, vol. 575, no. 7784,
pp. 607–617, Nov. 2019.
[9] Z. Bing, C. Meschede, F. Röhrbein, K. Huang, and A. C. Knoll,
“A survey of robotics control based on learning-inspired spiking neural
networks,” Frontiers Neurorobot., vol. 12, p. 35, Jul. 2018.
[10] I. Abadfa et al., “On robot compliance: A cerebellar control approach,”
IEEE Trans. Cybern., vol. 51, no. 5, pp. 2476–2489, May 2021.
[11] S. Glatz et al., “Adaptive motor control and learning in a spiking neural
network realised on a mixed-signal neuromorphic processor,” in Proc.
Int. Conf. Robot. Automat. (ICRA), May 2019, pp. 9631–9637.
[12] H.-G. Han, L. Zhang, Y. Hou, and J.-F. Qiao, “Nonlinear model
predictive control based on a self-organizing recurrent neural network,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 27, no. 2, pp. 402–415,
Feb. 2016.
[13] Z. Bing, Z. Jiang, L. Cheng, C. Cai, K. Huang, and A. Knoll, “End
to end learning of a multi-layered SNN based on R-Stdp for a target
tracking snake-like robot,” in Proc. Int. Conf. Robot. Autom. (ICRA),
May 2019, pp. 9645–9651.
[14] N. Padilla-Coreano et al., “Hippocampal-prefrontal theta transmission
regulates avoidance behavior,” Neuron, vol. 104, no. 3, pp. 601–610,
2019.
[15] P. Arena, L. Fortuna, M. Frasca, and L. Patané, “Learning anticipation
via spiking networks: Application to navigation control,” IEEE Trans.
Neural Netw., vol. 20, no. 2, pp. 202–216, Feb. 2009.
[16] M. S. Shim and P. Li, “Biologically inspired reinforcement learning for
mobile robot collision avoidance,” in Proc. Int. Joint Conf. Neural Netw.
(IJCNN), May 2017, pp. 3098–3105.
[17] L. Salt, D. Howard, G. Indiveri, and Y. Sandamirskaya, “Parameter
optimization and learning in a spiking neural network for UAV obstacle
avoidance targeting neuromorphic processors,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 31, no. 9, pp. 3305–3318, Sep. 2020.
[18] M. B. Milde et al., “Obstacle avoidance and target acquisition for robot
navigation using a mixed signal analog/digital neuromorphic processing
system,” Frontiers Neurorobot., vol. 11, p. 28, Jul. 2017.
[19] Y. Wu, L. Deng, G. Li, J. Zhu, and L. Shi, “Spatio-temporal backpropagation for training high-performance spiking neural networks,” Frontiers
Neurosci., vol. 12, p. 331, May 2018.
[20] W. Maass, T. Natschläger, and H. Markram, “Real-time computing
without stable states: A new framework for neural computation based on
perturbations,” Neural Comput., vol. 14, no. 11, pp. 2531–2560, 2002.

[21] D. D. Bock et al., “Network anatomy and in vivo physiology of visual
cortical neurons,” Nature, vol. 471, no. 7337, pp. 177–182, Mar. 2011.
[22] S. G. Wysoski, L. Benuskova, and N. Kasabov, “Fast and adaptive
network of spiking neurons for multi-view visual pattern recognition,”
Neurocomputing, vol. 71, nos. 13–15, pp. 2563–2575, Aug. 2008.
[23] S. R. Kheradpisheh, M. Ganjtabesh, S. J. Thorpe, and T. Masquelier,
“Stdp-based spiking deep convolutional neural networks for object
recognition,” Neural Netw., vol. 99, pp. 56–67, Mar. 2017.
[24] J. DeFelipe, “Estimation of the number of synapses in the cerebral
cortex: Methodological considerations,” Cerebral Cortex, vol. 9, no. 7,
pp. 722–732, Oct. 1999.
[25] J. M. Fuster, “The prefrontal cortex—An update: Time is of the essence,”
Neuron, vol. 30, no. 2, pp. 319–333, 2001.
[26] W. H. Alexander and J. W. Brown, “Medial prefrontal cortex as
an action-outcome predictor,” Nature Neurosci., vol. 14, no. 10,
pp. 1338–1344, Oct. 2011.
[27] D. Liu et al., “Medial prefrontal activity during delay period contributes
to learning of a working memory task,” Science, vol. 346, no. 6208,
pp. 458–463, Oct. 2014.
[28] J. Tanji, K. Shima, and H. Mushiake, “Concept-based behavioral planning and the lateral prefrontal cortex,” Trends Cognit. Sci., vol. 11,
no. 12, pp. 528–534, Dec. 2007.
Dengpeng Xing received the B.S. degree in mechanical electronics and the M.S. degree in mechanical
manufacturing and automation from Tianjin University, Tianjin, China, in 2002 and 2006, respectively,
and the Ph.D. degree in control science and engineering from Shanghai Jiao Tong University, Shanghai,
China, in 2010.
He is currently an Associate Professor with the
Research Center for Brain-Inspired Intelligence,
Institute of Automation, Chinese Academy of
Sciences, Beijing, China, and the School of Artificial
Intelligence, University of Chinese Academy of Sciences, Beijing. His
research interests include brain-inspired robotics, and robot control and
learning.
Jiale Li received the B.E. degree in intelligence
science and technology from the University of
Science and Technology Beijing, Beijing, China,
in 2019. He is currently pursuing the master’s degree
with the School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing,
and the Research Center for Brain-Inspired Intelligence, Institute of Automation, Chinese Academy of
Sciences, Beijing.
His research interests include spiking neural networks, and robot control and learning.
Tielin Zhang received the B.S. and M.S. degrees in
telecommunication from Beijing University of Technology, Beijing, China, in 2010 and 2013, respectively, and the Ph.D. degree from the Institute of
Automation, Chinese Academy of Sciences, Beijing,
in 2016.
He is currently an Associate Professor with the
Research Center for Brain-Inspired Intelligence,
Institute of Automation, Chinese Academy of Sciences, and the School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing.
His current interests include theoretical research on neural dynamics, spiking
neural networks, and neuromorphic chips.
Bo Xu received the B.S. degree in electrical engineering from Zhejiang University, Hangzhou, China,
in 1988, and the M.S. and Ph.D. degrees in pattern
recognition and intelligent system from the Institute of Automation, Chinese Academy of Sciences,
Beijing, China, in 1992 and 1997, respectively.
He is currently a Professor with the Institute of
Automation, Chinese Academy of Sciences, and
the School of Artificial Intelligence, University of
Chinese Academy of Sciences, Beijing. His research
interests cover computational auditory models, spoken dialog interactions, brain-inspired machine cognition, and decisionmaking intelligence for complex systems.

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on January 24,2022 at 07:25:38 UTC from IEEE Xplore. Restrictions apply.

