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Abstract. Mirror Self-Recognition is a well accepted test to identify
whether an animal is with self-consciousness. Mirror neuron system is
believed to be one of the most important biological foundation for Mir-
ror Self-Recognition. Inspired by the biological mirror neuron system of
the mammalian brain, we propose a Brain-inspired Robot Mirror Neuron
System Model (Robot-MNS-Model) and we apply it to humanoid robots
for mirror self-recognition. This model evaluates the similarity between
the actual movements of robots and their visual perceptions. The associ-
ation for self-recognition is supported by STDP learning which connects
the correlated visual perception and motor control. The model is evalu-
ated on self-recognition mirror test for 3 humanoid robots. Each robot
has to decide which one is itself after a series of random movements fac-
ing a mirror. The results show that with the proposed model, multiple
robots can pass the self-recognition mirror test at the same time, which
is a step forward towards robot self-consciousness.

Keywords: Robot self-consciousness · Mirror self-recognition · Mirror
neuron system · Associative learning

1 Introduction

Self consciousness is of vital importance for an agent with real intelligence.
Machine consciousness is a grand challenge for Artificial Intelligence research. In
order to identify whether an animal species is with self consciousness, the Mirror
Self-Recognition test is proposed [1]. Only a few animal species are considered
to be with self consciousness. Besides human, animals that are considered to
be with self-consciousness include: chimpanzees [1], orangutans [2], bonobos [3],
gorillas [4,5], Asiatic elephant [6], dolphins [7], orcas [8], Eurasian [9], etc.

Recent findings proofed the possibility of training rhesus monkeys to be with
self consciousness [10]. With this possibility as a support, we hypothesize that
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machine with a brain-inspired computational model can be trained to have self
consciousness.

For mammalian brain, especially human brain, multiple brain regions are
involved in self consciousness. They closely interact with each other and col-
lectively form a comprehensive neural pathway. Two sub systems need to be
paid more attention to. Namely, the Mirror Neuron System (MNS) [11], and the
Cortical Midline Structures (CMS) [12]. The medial prefrontal cortex (MPFC)
is a very important region in CMS for self consciousness [13]. The ventrome-
dial prefrontal cortex (VMPFC) mostly responds to self, while the dorsomedial
prefrontal cortex (DMPFC) primarily responds to others [14]. For the mirror self-
recognition test, especially for a robot self-consciousness model, we hypothesize
that mirror neuron system (MNS) learns the correlation of the original agent and
the agent in the mirror, then MPFC is activated by the mirror neuron system to
realize the robot self. Hence, creating a computational model for mirror neuron
system (MNS) is a first preparation for realizing robot self-consciousness.

In order to create a robot with self-consciousness, in this paper, we propose
a brain-inspired Robot Mirror Neuron System Model (Robot-MNS-Model) and
we apply it to humanoid robots for mirror self-recognition. Although this inves-
tigation will be a long term exploration1, the efforts in this paper try to have a
step forward towards robot self-consciousness.

2 Brain-Inspired Robotic Mirror Neuron System Model

As a core architecture for the computational model of robot self-consciousness,
we propose a Robotic Mirror Neuron System model (Robot MNS Model).

2.1 The Architecture of the Robotic Mirror Neuron System

The architecture of the Robot MNS Model is shown in Fig. 1. The model is
mainly based on the understanding of human mirror neuron system introduced
in [11,15], and is with reconsideration to adapt to robotics.

The motion detection module receives visual inputs and detects motions
in the visual sequence. It is composed of Extrastriate Body Area (EBA) and
MT/V5. EBA is sensitive to human body and its parts, no matter they are static
or moving [16]. MT/V5 is with the ability of motion detection, and responds to
stimuli which are moving towards a certain direction with a certain speed [17]. In
this model, EBA is with the function of body part detection, while MT/V5 is for
orientation and speed detection of moving objects. Both EBA and MT/V5 trans-
mit information to posterior superior temporal sulcus (pSTS). pSTS is sensitive
to biological motion, and its function is to visually encodes biological motion [18].
The inferior parietal lobule (IPL) integrates visual inputs from pSTS and motion
inputs from vPMC. Namely, IPL, which is one of the most important core area in
mirror neuron system and for this model, does consistency checking on observed

1 Robot Self-Consciousness Project: http://bii.ia.ac.cn/robot-self.

http://bii.ia.ac.cn/robot-self
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Fig. 1. The architecture of the robotic mirror neuron system model

action and motion execution [18,19]. The inferior frontal gyrus (IFG) encodes
action goals, and it responds to goal driven motions [19]. In this model, IFG
generates motion goals, and transmit information on motion goals to vPMC. It
also make inference on motion intention based on inputs from IPL. The Ventral
premotor cortex (Ventral PMC) encodes kinematics based on motion goal from
IPL, the encoded information are sent to M1 for concrete motor execution, and
to IPL for information integration. M1 encodes the strength and orientation of
motion and controls the concrete motion execution [20].

In the robotic mirror neuron system model, motion goal generation and
motion understanding are associated with IFG. The neural pathway of the
proposed model is mainly based on understandings from [11,15,21,22]. In this
model, there are mainly two pathways. Namely, The somato motion perception
pathway (IFG → vPMC → IPL), and the visual motion perception pathway
(visual inputs → EBA & MT/V5 → pSTS → IPL). Both pSTS and vPMC send
signals to IPL. If the signals from these two regions co-occur with each other in
the same time slot (in this investigation, the time slot is consistent with the slot
for STDP) and the sequences of movements are consistent with each other, new
connections will be formed or existing connections will be strengthened to rep-
resent their consistency, then IPL activates mPFC and the robot recognizes the
moving agent is itself. Figure 2 presents the associative learning process between
pSTS and vPMC signals in IPL.
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Fig. 2. Associative learning of pSTS and vPMC signals in IPL

2.2 Motion Execution and Somato Motor Perception

The inferior frontal gyrus (IFG) sends motion goals (such as moving left hand
to a specific position) to ventral premotor cortex (vPMC). vPMC encodes the
motion sequence and send the encoded information to M1, which is directly
related to robot motion execution. At the same time, vPMC sends the motion
sequence to IPL for consistency checking with visual motion perception.

2.3 Motion Detection

Here we propose a multiple brain region coordinated computational model for
the visual dorsal pathway to simulate the cognitive function of motion detection.
The model is a spiking neural network model, which is enlightened by the work
introduced in [23].

As a preprocessing step, the image is firstly transformed to three spatial-
temporal scales through convolutions with different Gaussian kernels. This is to
simulate the effect of retina and can help to detect targets in different scales in
the scene.

After preprocessing, the image is fed as input to V1. As is pointed out by
neural scientists, most neurons in V1 related to motion can exhibit a crucial
characteristic: direction selectivity. To clarify this, it is necessary to introduce
the concept of spatial-temporal space. As a 2-D image, a resolution cell(or a
pixel) can be located by its (x, y) spatial coordinates in the scene. However,
for an image sequence, a third dimension t should be appended to describe
the temporal change of this resolution cell. Thus, the image sequence can be
described as a 3-D subspace with x, y, and t axis. A basic unit in motion can be
represented as its spatial change of (x, y) with the temporal sequence t. In other
words, this unit in motion is actually a trajectory in this 3-D subspace.

For a neuron related to motion in V1, direction selectivity means this neuron
can reach its maximal response in a particular direction in the spatial-temporal
space within its receptive field. This implies that this neuron responds to motion
not simply in a spatial direction, but also in a specific speed. To simulate this
physiological effect in a mathematical form, we sample the 3-D spatial-temporal
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space in 28 dimensions, corresponding to 28 different motion directions and
speeds. In fact, these directions correspond to different functional columns in V1.

As a further step, neurons from V1 are connected to MT. Different from the
neurons in V1, the neurons in MT respond to motion in a specific direction,
regardless of the speeds. Hence, this is a projection process from 3-D spatial-
temporal space to 2-D spatial space. the input of MT neurons is in fact the
linear transformation to the output of V1 neurons. In our simulation, we sample
8 spatial directions in MT, corresponding to motions in these 8 directions.

LIP takes the role of decision making in motion detection. Its function is
similar to the output layer of artificial neural network. In [23], the output is the
firing rates in 8 directions. In our investigation, however, what we concern is the
degree of motion, regardless of the directions. To this end, we consider only the
maximal firing rates of all the 8 directions. Since this maximal firing rate implies
the intention of motion, we can use it to detect the targets in motion.

One key issue in the network is direction selectivity in V1. In [23], an algebra
model is proposed, and the process can be briefly described as follows.

After preprocessing, the motion descriptors are calculated based on the input
image sequence.

Lkr(x, y, t) = αv1lin

3∑

T=0

[
3−T∑

Y =0

[
3!

X!Y !T !
(ûk,x)X (ûk,y)

Y (ûk,t)
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]]
(1)

In this equation, X, Y and T are two spatial directions and the tempo-
ral dimension respectively. r is the scalar, which is 0, 1 or 2. k is one of the
28 spatial-temporal directions. αv1lin is a tuning parameter. Lkr(x, y, t) is the
motion descriptor.

Then, the descriptors are translated to the responses of simple V1 cells.

Skr(x, y, t) =
αfilt→rate,rαv1rectLkr(x, y, t)2

αv1norm exp
(

−(x2+y2)
2σ2

v1norm

)
∗

(
1
28

28∑
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Lkr(x, y, t)2
)

+ α2
v1semi

(2)

Here, σv1norm is the Gaussian kernel. αfilt→rate,r, αv1rect, αv1norm are para-
meters to be tuned. The responses of V1 simple cells are then further filtered as
the responses of V1 complex cells.

Ckr(x, y, t) = αv1comp exp

(
−(x2 + y2)
2σ2

v1comp

)
∗ Skr(x, y, t) (3)

σv1comp is the Gaussian kernel. αv1comp is the tuning parameter. This
responses can be taken as the firing rate.

Enlightened by [24], we propose to use the classical Integrate and Fire (IF)
model to generate spikes.
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⎧
⎪⎨
⎪⎩

dV
dt = Gexc

θ (x0, y0, t)(Eexc − V (t))
+Ginh

θ (x0, y0, t)(Einh − V (t)) − gLV (t)
Spikes when V = 1 and resets V to 0

(4)

For the purpose of direction selectivity, the key is that the excitatory and
inhibitory conductances are functions of the direction θ and spatial-temporal
location (x, y, t). For excitatory conductance:

Gexc
θ (x, y, t) = (F e

θ + F o
θ ) ∗ L(x, y, t) (5)

L(x, y, t) is the input sequence. ∗ is the convolution operator. F e
θ and F o

θ can
be describes as:

{
F e

θ (x, y, t) = Ge
θ(x, y)Pi(t)

F o
θ (x, y, t) = Go

θ(x, y)Pj(t)
(6)

Ge
θ and Go

θ are two Gaussian kernels respectively. Pi(t), Pj(t) are subtractions
of two Γ functions.

Pα(t) = Tα,τ (t) − Tα+2,τ (t) (7)

Here Tα,τ (t) is the Γ function. The inhibitory conductance is described as
follows.

Ginh
j + = Ginh

maxe− d4j
2R2 (8)

where j is the index of the neuron’s spatial temporal neighbor. Ginh
max is a parame-

ter, describing a maximal contribution of its neighbors. dj is the spatial-temporal
distance, and R is the radius of the scope that can contribute to the inhibitions.

3 Sensory-Motor Associative Learning

In the mirror neuron system, IPL integrates visual and motor information
through associative learning. If motor information from vPMC match the visual
information from pSTS, and the information are sent to IPL at the same time
slot, then they are associated together in IPL. Associations are formed through
Spike-Timing-Dependent-Plasticity (STDP) [25,26]. The weight of association
among visual inputs and motor outputs (Wmotor-visual) is based on a set of cal-
culations in Eq. 9.

ΔW=

{
A+ × e(Δt/τ+) if Δt < 0

A− × e(Δt/τ−) if Δt ≥ 0

Δt = tmotor − tvisual

W (t)motor-visual = W (t − 1)motor-visual + Δwmotor-visual

(9)
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ΔW is the adjustment function for STDP. A+ and A− are the maximum and
minimum value of synaptic changes respectively. τ+ and τ− are time constants for
synaptic updates. Δt is the time slot between the time for motor output (tmotor)
and the time for visual recognition of movement (tvisual). In order to keep the
biological plausibility, according to [25], A+ = 0.777, A− = −0.237, τ+ = 16.8 ms,
τ− = −33.7 ms. If mortal signals are transmitted to IPL before visual signals,
then the synaptic connectivity will be strengthened, if visual signals come first,
it will be weakened.

When there are not only one robot moving in front of a mirror, the robots
need to decide which one is itself. The self recognition weight, denoted as
selfweight, is proposed to evaluate which one is the specific robot itself.

θpredict = max Wmotor

Confidencei =

{
1 |θpredict − θvisual| ≤ θthreshold and tmotor − tvisual < tthreshold

0 otherwise

Selfweight =

(
n∑

i=1

Confidencei

)
/n

(10)

θpredict is the predicted angle based on motor information. If θpredict and
θvisual are close to each other within a certain threshold (θthreshold), at the same
time, tmotor is before tvisual and they are close to each other within the time slot
tthreshold, the confidence value for the robot under state i is (confidencei) is 1.
Selfweight is the average value for all the n states during robot movements.

4 Robots Mirror Self-recognition Test

In order to validate the proposed Brain-inspired Robot Mirror Neuron System
model, we deploy the computational model to humanoid robotics and challenge
the model with the robots mirror self-recognition test. Three robots are required
to recognize itself and distinguish itself from others in front of a mirror. The
prior knowledge for robots are as the following: If two robots are on its right,
then it is in Position 1. If two robots are on its left and right respectively, then
it is Position 2. If two robots are on its left, then it is in Position 3. Hence, the
judgement process can be described as Eq. 11. During the mirror test, they are
required to identify which position it belongs to, and in this way, it obviously
needs to know which one is itself first.

Position ID =

⎧
⎪⎨
⎪⎩

1 LeftCount=0 & RightCount=2
2 LeftCount=1 & RightCount=1
3 LeftCount=2 & RightCount=0

(11)

The robots are assigned random movements if they do not have any obvious
solution to a specific task. All of their sensory functions (vision, audition) and
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Fig. 3. Visual inputs and motion detection for robots mirror self-recognition

Fig. 4. Motion detection and motion prediction by different robots

motor function are activated with attempts to achieve the goal. Since the robots
are in front of a mirror, and their vision systems are active, functions of their
visual systems are active. Hence, motion detection from dorsal ventral pathway
is functioning. Figure 3 presents the visual inputs of robots and their motion
detection.

Robots will keep random movement until they can confirm their positions
(i.e. identify which one it is). Figure 4 presents a sample for motion detection
of their moving hands through visual inputs of the three robots and motion
pathway prediction based on each robot’s actual motor outputs.

Figure 5 presents the beliefs of each robots after each random movement. The
darkness of each square is negative relevant to the belief values. After movement
2, Robot 2 is not aware which one is itself, while after movement 3, each robot
can identify themselves in the mirror.

In order to test the proposed robot mirror neuron system model, 9 sets of
robot mirror self-recognition tests are made. For each test, the position of the
three robots are changed. Hence they need to re-recognize themselves after each
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Fig. 5. Beliefs of their positions after different random movements

test. The three robots successfully passed all the 9 tests. Videos on the robots
mirror self-recognition test is available at the Robot Self-consciousness Project
page2.

5 Conclusion

With the long term goal of building a robot with consciousness, especially with
self-consciousness, as a first step, this paper provides an attempt to build a
brain-inspired robot mirror neuron system model. Then we apply the model to
robots with the purpose of passing the mirror self-recognition test. The evalu-
ation indicates that the proposed model is biologically plausible and computa-
tionally feasible as a core component for robot self consciousness. Mirror Neuron
System is only part of the neural pathway for self consciousness.

In order to provide a more comprehensive model and increase the level of self
consciousness for robots, our current and future work is to extend the model to
involve more regions and pathways that are relevant to self consciousness.
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