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Abstract

From a traditional point of view, the value of information does not change during transmission.
The Shannon information theory considers information transmission as a statistical phenomenon
for measuring the communication channel capacity. However, in modern communication systems,
information is spontaneously embedded with a cognitive link during the transmission process,
which requires a new measurement that can incorporate continuously changing information
values. In this paper, we introduce the concept of cognitive information value and a method of
measuring such information. We first describe the characteristics of cognitive information
followed by an introduction of the concept of cognitive information in measuring information
popularity. The new measurement is based on the mailbox principle in the information value
chain. This is achieved by encapsulating the information as a mailbox for transmission where the
cognition is continuously implemented during the transmission process. Finally, we set up a
cognitive communication system based on a combination of the traditional communication system
and cognitive computing. Experimental results attest to the impact of incorporating cognitive value
in the performance of 5G networks.
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1. Introduction

The increasing number of smartphones and multimedia services (e.g., virtual reality and
augmented reality) and the development of the Internet of Things (1oT) are expected to have
a higher requirements for the storage and computing ability of future communication
systems. The number of users accessing the network is also expected to increase sharply to
allow massive 10T participation. At the same time, the end-to-end delay will also be
substantially reduced to only a few milliseconds [1-3]. However, the popularity of 10T could
result in an explosive growth of mass data acquisition, which can put a tremendous pressure
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on the wireless communication network to satisfy growing bandwidth demands. Despite
many advanced features, 5G networks may not be able to meet such a high demand.

Furthermore, it is known that transmitted data normally contains too much redundancies and
useless data, such as continuous invariant video transmitted by video surveillance equipment
[4]. Therefore, communication networks will need to achieve intelligent information
transmission that is capable of selecting only useful information for transmission throughout
the wireless network.

Fortunately, with the emergence of cognitive computing [5], we are required to have a
different way of measuring information to define information from the perspective of the
cognitive link. This contrasts with the traditional Shannon information theory [6], which
assumes that the information size remains unchanged during the transmission process.
Under dynamic conditions, a cognitive information theory can be established as a
combination of cognitive computing and information transmission [7]. Since cognitive
information regards the information value as one of the main indexes for evaluating the
communication system, the core problem is how to measure the information value.

Bear in mind that when the information is generated, it will evolve continuously and the
value density (i.e., information value of unit bit) will become higher and higher with
cognition of the information. Eventually it will tend to converge. Meanwhile, upon receiving
the information, users will further improve their understanding of the information according
to their own knowledge.

Therefore, in this paper, we firstly provide the characteristics of cognitive information and
information popularity that represent an evolutionary process of cognitive information.
Then, to realize information cognition, we propose the mailbox theory and give its specific
description. Finally, we design a cognitive communication system as a combination of the
traditional communication system and information cognition.

In summary, the main contributions of this work are as follows:

. Introduce the concept of cognitive information value for intelligent transmission.
This includes the characteristics of cognitive information involving dynamic,
polarity, evolution, convergence, and multi-view, as well as a supporting analysis
for information popularity.

. Develop a method of encapsulating the information as a mailbox based on the
principal of mailbox theory, which recognizes the information value
continuously during transmissions.

. Design a new communication system based on cognitive computing and a
traditional communication system. Under these conditions, only the most
valuable data is transmitted in order to reduce the amount of data transferred, and
energy consumed.

The remainder of this paper is organized as follows. In Section 2, the evolution of cognitive
information is introduced. Information measurement based on cognitive computing is given
in Section 3. In Section 4, the mailbox theory for cognitive information is presented. In
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Section 5, the cognitive information communication system is evaluated. Finally, the
conclusions are given in Section 6.

Evolution of cognitive information

In this section, we provide the motivation for using cognitive information and the
importance of information cognition from the perspectives of network and data.

Motivation

The Internet Data Center (IDC) forecasts that global data will grow from 33 ZB in 2018 to
175 ZB by 2025 [8]. Thus, the processing for such a massive amount of data is quite
challenging and would require sufficient storage and computing power. More importantly, it
is required to develop an intelligent processing method capable of recognizing the
meaningful information in real-time, which can be achieved best via information cognition.
For example, in AlphaGo,! the game of Go uses the technology of deep learning,
reinforcement learning, and Monte Carlo tree search, which would require training 30,00
0,000 sets of human data and 48 TPU distributed systems to defeat the Lee Sedol [9]. Thus,
training AlphaGo requires a huge amount of data.

However, the game of Go follows an accurate game rule (i.e., cognitive information). On this
basis, AlphaGo Zero does not use prior knowledge nor raw data. Its learning process is
based on random games, such as using self-game reinforcement learning, rather than the
human data. It takes black and white pieces on a chessboard as an input and applies neural
networks to simultaneously represent policy and value, rather than using them separately, as
in the case of human participants. To achieve a better performance than AlphaGo, AlphaGo
Zero uses 64 GPU workstations and 19 CPU parameter servers for training, and 4 TPU to
perform matching execution. Thus, the rules of Go are cognitive information, which plays an
important role in establishing strong artificial intelligence.

Specifically, from the perspective of cognitive information, AlphaGo training requires a
huge amount of data, but the quantity of cognitive information is very low. Under these
conditions, it is essential to extract the value of the information so that the entire data can be
simplified to a small amount. Therefore, the main objective of measuring the information
capacity from the perspective of cognitive computing, is to reduce the amount of information
as much as possible without compromising the basic rules of information theory. In this way,
a new cognition of measuring the information value (e.g., a set of rules) is needed to reduce
the amount of data.

2.2. Aspect of cognitive information

The data is first generated on a user terminal and then transmitted to the remote server by a
communication network, where it is coded, analyzed, and processed. The remote server
feeds the processed results back to the user in the same manner via different links. In this
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paper, we use a data transmission network and a processing terminal to realize the
information cognition. It specifically consists of two parts, i.e., network cognitive
optimization and data cognition.

Network cognitive optimization—Network cognitive optimization is mainly concerned
with resource distribution, scheduling, and management to ensure the quality of service
(QoS). The main objective is to create a suitable environment for cognitive information
transmission to achieve a high reliability and low delay. It specifically aims at maximizing
the mutual benefits between users and providers. A suitable optimization model can be used
to enhance the systems’ throughput and spectral efficiency, as well as simultaneously
minimizing the delay and energy consumption. Possible decision configurations include
transmission power distribution, resource distributing and scheduling, routing decision,
spectrum resource distribution, and other processes.

Generally, network optimization consists of the following three stages: i) performing data
acquisition and analysis of the existing network on the premise of a full understanding of the
networks’ running state; ii) discovering factors that can influence network quality, which can
then be optimized using various methods such as machine learning, game theory, and other
methods; iii) making a network to achieve its best running state by optimizing the resources.

Data cognition—Facing various types of information, humans first filter the received data
to capture valuable information, and then evaluate its value. Similarly, for communication
systems in the face of dealing with mass structured and unstructured data, a system needs to
acquire valuable information to achieve the same goal. In traditional data processing
methods [10], it is required to extract the data features manually. However, in an era of big
data with booming machine learning, deep learning technologies can be exploited to extract
data features automatically and achieve better prediction [11].

In deep learning, modeling and optimization would require recognition and understanding of
mass data, so the volume of data is a key to improving the accuracy of the model prediction.
Therefore, it is important to realize preprocessing and carry out certain screenings and
discriminations before introducing the data into the construction machine learning model.
This is mainly to prevent noisy data from impacting the model performance.

Furthermore, we take the user’s emotion detection as an example, and give the application of
cognitive information in emotional data transmission. Generally speaking, emotional data
detection models need to be trained in the cloud. Thus, users need to collect emotional data
(e.g., multimedia data) offloaded to the remote cloud. In the traditional communication
system, to improve the accuracy of emotional detection, the collected data need to be
transmitted to the cloud. However, the data transmitted by this strategy contains a large
amount of useless data that can impact the network load. When the cognitive information is
applied to communication system, the transmitted data can be cognized, and then only
valuable data will be selected for transmission to the cloud. This not only reduces the
amount of data transmission, but also improves the accuracy of the model.
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Information value measurement based on cognitive computing

In this section, we first describe the characteristics of cognitive information. Then, we
present the measurement of information value from the perspective of information
popularity.

3.1. Characteristics of cognitive information

According to the basic concept of information, each phase in the life cycle of information
possesses a certain cognitive potential, which can be utilized to assess its information value.
A value, which is contained in each piece of information, can be extracted to represent a
quantified measure of cognitive information. It should be noted that cognitive information
expands beyond communication systems and can be used as in combination with cognitive
computing to solve many research problems, such as information acquisition, transmission,
analysis, and application.

To be specific, information cognition is different from conventional information
measurement. We describe information cognition as follows: when information is generated,
it will be cognized by different users during transmission. Therefore, after being cognized,
information eventually achieves the highest value density as it evolves. The characteristics of
cognitive information are shown in Fig. 1 and described as follows:

. Dynamic: As shown in Fig. 1, information value is comprised of an intrinsic
value and an expanding value. The intrinsic value denotes the intrinsic natural
attribute at the beginning of the information generation. The expanding value
denotes a gradually formed social attribute under the influence of external factors
during the information transmission process. To be specific, after generation the
information is endowed with the intrinsic value, which is constantly transmitted
to different users based on their own interpretations. During this transmission
process, the information is commented and subsequently an expanded
information value is generated. As for a information, its potential is rated
differently by each user where its value is fully excavated, analyzed, and then
utilized. It is noted that each user may have a different association and different
understanding of the same information at different times. Thus, the cognitive
information value is dynamically changing during the transmission process.

. Polarity: In traditional information theory, the measurement of information (i.e.,
Shannon entropy) is non-negative, but it possesses positive and negative
polarities from the expanding value of cognitive information. During the
transmission process and interaction with users, the associated information can
be generated by using cognitive computing to reflect the expanding information
value. It should be noted that certain information can have a positive impact on
some users, but if wasteful, can have a negative impact on information
transmission. For instance, for a primary school student learning that information
relevant to scientific knowledge will play an important role in his/her growth and
development will manifest the positive polarity of information. Conversely, if a
primary school student focuses on illogical and meaningless information, it may
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have a negative impact on his/her cognition, manifesting the negative polarity of
information. Thus, the cognition of information polarity is vitally important.

. Evolution: Once the information is generated, it will be continuously recognized
during the transmission process. When the cognitive capability reaches a certain
level (by analogy) information can be transformed between different dimensions.
After transformation, it can be applied to the data level of other dimensions to
generate new information and viewpoints. The cognitive system simulates human
thinking during the training process, constantly enhancing intelligence through
continuous learning, which gradually approaches the cognitive capability of
humans. During the process of information transmission, the valuable
information is expanded and then compressed based on the definite principles of
the cognitive system, to enable the information to better meet the individual
needs of users in multidimensional space. Thus, information possesses the
evolutionary characteristic.

. Convergence: When the information is cognized, to some extent its value
density tends to be stable from the value of the information, which illustrates that
information has a convergence nature. For example, the information about the
description of the motion of an object can be summarized as Newton’s three laws
of motion. To be specific, according to the Shannon information theory, the
amount of information transmitted through a traditional communication system
in a time unit is restricted by the channel capacity. However, in practice,
demands for high volume continuous information are always at odds with the
physical channel capacity. Thus, it is required to continuously improve the
communication system capability and enhance data transmission volume.
Furthermore, by means of recognizing the information continually, it is possible
to achieve the highest value density, which reduces the amount of information for
transmission. Accordingly, to effectively reduce a burden on the communication
system, the redundant data should be removed based on its information value.
Namely, the removal of redundant information and conciseness of valuable
information are not infinite and abide by the convergence principle on the
premise of meeting the minimum reduction rule.

. Multi-view: From the user’s perspective, cognitive information can reach the
largest value density when it converges. Upon receiving the information, the
value of the same information can impact each user differently due to users’
different cognitive capabilities and demands. For instance, a high-level research
paper can inspire researchers in related fields greatly and accordingly open a new
research field. On the other hand, for a person who has poor scientific
knowledge, such information has almost no value. This example clearly
represents the information impact on different users. Since information has
different convergence and value for different users, information has a multi-view
nature.
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3.2. Information popularity

In this section, for multimedia information (e.g., audio-video data), we can use information
popularity as its measurement. To describe information popularity, we firstly introduce a
definition of information. We assume that information /7 can be described by its size s;.
(given in bits) and the required computing resource (given in CPU cycles). To analyze the
information value, we begin with defining the information life cycle. If (J) is the time
instance in which information 7is generated, then the information life cycle at the time #is
given by:

ni(1) =1 = 1,1). (@)

We assume that the value of information /at time ¢is determined by function 4!. We further

assume that information popularity is relevant to the information size, information life cycle,
and information value. Thus, the popularity of information /at time #is defined as:

o= f(si b hf). )

where (") denotes the function relevant to s;, »{ and .

4. Mailbox theory for cognitive information

In this section, we introduce the concept of the mailbox theory for cognitive information.

4.1. Overview of mailbox theory

In the traditional communication system information transmission process, only the
redundant bytes will be added (based on the underlying data) in order to ensure transmission
reliability. However, such a scenario is not user-centered and neglects the information value.
Mailbox theory incorporates cognition of the information value in the transmission process.
It counts on the realization of the user-centered information transmission by means of
information cognition and filtering out valueless information where only higher value
density information can be transmitted.

To better explain the mailbox theory, we apply the mailbox to the multimedia
communication for the emotion detection application. In the emotion detection application
[12,13], mobile users realize emotional detection by transmitting audio and video data to the
cloud. Our goal is to improve the accuracy of the emotion detection model in the cloud by
learning the emotional data of the mobile user. According to our proposed mailbox
terminology, we only transmit data that can be employed to improve the accuracy of the
model, hence reducing the amount of data transmission.

Specifically, we consider that information transmission is a dynamic process with entropy
production [14]. Furthermore, to understand information cognition, we consider data
generated by a user as an encapsulated mailbox, rather than static information. Also, we
assume that users have different understandings of the information through reading and
analysis. For instance, a user can perform a labeling operation on each piece of information
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by adding its own cognition and judgment. As an example, we consider emotional data
transmission where each user can evaluate the contribution of the data and its possible
impact on the accuracy of its emotion model. Based on cognition of the information, it will
then decide whether or not to transmit the data. Data such as text, speech, or image,
represents a mailbox where each mailbox has a different dimension and the information
generated by interpretation is different for each user.

Next, we describe the detailed process of mailbox theory based on the example shown in
Fig. 2. We assume that a batch of data at the source is encapsulated into a mailbox for
transmission. Normally, in a communication system data packets may move along different
edge nodes through their paths before reaching their destinations. A node with computing
resources can open its mailbox and read its content to learn about the adopted policy and the
algorithm in its path, and the information value. To guarantee high transmission efficiency
generally, it is required to use an algorithm with lower complexity. Since high transmission
efficiency and lower complexity are two contradictory optimization objectives, it is required
to design algorithms to balance between the two.

After completing the information value measurement (e.g., the contribution of data to the
algorithm in the emotion detection model) at each node, the comments are dynamically
added and then forwarded to the next node. After each node, including the raw data and the
comments added by previous nodes are evaluated and then forwarded to the next node (if it
decides not to drop it). Finally, at the destination node, the raw information and all
comments are added to the data packet throughout its communicant link and can be
analyzed.

Introduction of mailbox theory

We encapsulate the information into a mailbox, which can be then transmitted through the
communication system. In the process of transmitting mailbox, due to the added comments
in the packets, the mailbox size is changing at each node. Therefore, the end user (or server)
is expected to receive data packets of different sizes. Moreover, due to dynamically adding
cognitive comments to the raw information at each node the information value of each data
packet is continually increasing. It is worth noting that during the mailbox information
transmission the data packet can be unpacked directly at different communication nodes.
However, in order to protect information transmission security, the comments on data can be
added to the raw data only if a node has permission to modify the packet. This is mainly to
ensure the integrity and safety of raw data. Thus, every node can gain the raw information
transmitted from the source. Furthermore, when a data packet reaches the terminal, various
characteristics of information (e.g., encapsulation format of data packets, coding and de-
coding methods, etc.) should be consistent with those of the source-transmitting end. A
series of processes for packet unpacking and adding comments are experienced during the
transmission process, but the basic characteristics of the data packet must be consistent.

To describe a mailbox, we assume that a mailbox is defined by two important indexes, i.e.,
information value and information size. These two indexes can be changed during the
information transmission process. The information value of an encapsulated mailbox 7 at
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time ¢ is defined by function 4!. Assume that 77 users label the information during the

transmission process (i.e., from time fto £+ 1). Also, assume that the change in the
information value due to the labeling of a user /is Y} Thus, the information value at £+ 1 is
given by:

n

Wt =hi+ Y Y, ®)
=

The average information value of information 7from its generation to time #is defined by:

T
/ hidt
0

Furthermore, the information value can be expressed by:

T
f hfdt] ®)
0

Similarly, we assume that the information size of information 7at time ¢is s, and that /7 users
label the information during transmission process, such that the size of each label is x; Thus,
the information size at £+ 1 is given by:

~ 1

hi = TIE (4)

~ . 1
h; = lim =E
! T—»ooT

n
sitl=sl+ Y x; ®)
/=

Then, the ultimate information size is expressed by:
T
/ sldt
0

5. Cognitive information based communication system

5= lim ~F

.
ST @

Considering the user requests for various information, traditional communication technology
fails to meet such high communication demands. Thus, in this section, in order to optimize
existing communication systems, we propose a new communication system based on
cognitive information by exploiting the mailbox theory. The proposed cognitive information
based communication system is aimed at multimedia communication, which takes into
account that the existing multimedia data (e.g., audio and video data) is the main traffic in
the existing network.

5.1. Proposed communication system

In this paper, we construct a novel communication system for transmission of emotion data
that is based on mailbox theory. In the proposed communication system, the main objective
of mailbox terminology is to reduce the data transmission by classifying the information by
which only valuable information can be selected for transmission. To achieve it, we use
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cognitive information based on machine learning to obtain the information value. The
architecture of the proposed communication system, which includes device layer, edge cloud
layer, and cloud layer, is shown in Fig. 3. Taking emotional recognition as an example, we
encapsulate facial data and speech data as mailbox. The data includes labeled and unlabeled
data. Compared with the traditional method of offloading all data to the cloud, emotional
recognition is directly carried out in the cloud. At first we recognize the information and
after selecting and identifying the unlabeled data we offload optimal valuable data to the
cloud. Thus, by recognizing the information, the intelligence and reliability of the proposed
system can be realized.

In the following we will show how emotional data is recognized. In traditional
communication systems, all data (i.e., information) needs to be offloaded to the cloud
[15,16]. In our proposed communication system, only valuable data (after being identified
by using machine learning) will be offloaded to the cloud [17]. It should be noted that in the
emotion detection field, the accuracy of the training model depends on the data instances
quality. In the classification problem, we can easily determine the classification confidence
of a data instance by using the machine learning model. Under these conditions, we can
obtain the information entropy of data by using the confidence value.

To be specific, the model framework and the training process are shown in Fig. 4. To
recognize emations, it is required that end users transmit large amounts of data to the cloud.
For the data, only a small part of data is labeled, while most of the data does not have any
label (i.e., unlabeled data) and contain much noise. Therefore, we first utilize the AlexNet
[18] architecture which includes 5 convolution layers, 3 pooling layers and 2 full connection
layers for emotion detection based on labeled data. Second, unlabeled data is used to further
improve the accuracy of the emotion detection model. Assuming that the unlabeled data

instance x! is predicted through AlexNet with a probability of Pyt = {p)lcu, p)zcy, -",p)ccy}, where
1 1 1
p)’;,, is the probability that unlabeled data x is classified into emotion /. Thus, we can obtain
1

the following formula:

¢ . .
E(p)= - )] piylogzpir. ®)
=

where cis the number of classes. From formula (8), we can see that when E(p,x) is small,
the data has less prediction uncertainty. Thus, the unlabeled data can be classified more
easily and can be more valuable to model training and parameter iteration. When E(px;l) is

large, the data has greater prediction uncertainty so the contribution of this data to the model
is small. Therefore, the amount of data transmission can be reduced by cognizing the data.

To enhance computing ability to recognize data, we first set up the AlexNet model on the
edge cloud and transmit the labeled data for model training in order to obtain an immature
model. Then, we select partial data from the unlabeled data and transmit it to the edge cloud
for model training where we can compute the information entropy by using (8). Next, we set
an experiment which defines information value threshold to decide whether transmit the
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unlabeled data to the remote cloud based on the computed information value (if the
information value is lower than the threshold, data will be transmitted; otherwise, the data
packet will be abandoned). Finally, we select the unlabeled data continuously, until all the
user data goes through value assessment. Thus, data selecting can alleviate the flow
congestion in the network for every node in the network.

Experimental setup and performance evaluation

In the experiment, we encapsulate the facial expression and speech data generated by mobile
users as mailbox, and cognize the data on the edge cloud and remote cloud. In the edge
cloud, the value of data is measured by the contribution of emotional data to the accuracy of
the model and using (8) for evaluation. On this basis, by discarding the data with low value
density, we only transfer the most valuable information to the cloud for emotion detection
model training. In our experiments, we compare the cognitive information system with the
traditional communication system, which transmits all information to the cloud without
cognizing the transmitted information. To be specific, at first, we compare the impact of the
cognitive information system and traditional communication system on the accuracy of
emotion detection model for transmitting the same amount of facial and speech data
instances.

From Fig. 5(a) and (b), we can see that with the increase of facial and speech data instances,
the accuracy of emaotion detection is increasing. Furthermore, we can clearly observe that the
accuracy of emotion detection in the cognitive information system is higher for a given
facial and speech data instance. The accuracy of the model refers to the proportion of the
predicted data instances labeled with real labels to the total data instances. From the figure,
we know that in the cognitive system, by cognizing the unlabeled data, it can transmit data
with a high value density (i.e., contribution to model accuracy) to the cloud, thus improving
the accuracy of emation detection. Through the cognition of information, the system
proposed in this paper can transmit less data when transmitting data of the same value.

Next, we evaluate the performance of the cognitive information system from the perspective
of energy consumption. Compared with the traditional information system, the energy
consumption of the cognitive information system not only includes transmission energy
consumption, but also computing energy consumption involved in the cognitive processing
of information. Fig. 6 shows the energy consumption of the two systems under the same
accuracy of emotion detection. The experimental result shows that although cognitive
information system requires extra computational energy consumption, the total energy
consumption of the cognitive information system is still less than the traditional
communication system under the same accuracy for the emotional detection model. This is
mainly due to the scientifically reduced transmission rate of the cognitive information
system in the cloud, which can result in an overall reduction of the energy consumption.

Finally, we investigate on the convergence rate of facial and speech data under different
communication systems. We define the convergence of data as a degree in which new
unlabeled data can no longer improve the accuracy of the emotion detection model in the
cloud. Fig. 7(a) and (b) show a comparison of convergence rate of facial and speech data
under the two systems, respectively. We can see that although the accuracy of the two
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systems eventually tends to become stable, the cognitive information system tends to
converge faster. As soon as the value of information becomes stable, the transmission of
information will be terminated.

5.3. Discussion

Although this scheme can realize information cognition, its deployment depends on the
following technologies:

. Artificial intelligence chip. The computing capability of a mobile terminal is
constantly increasing to enable machine learning algorithms to be deployed at
the mobile terminal where it can directly handle data computing and screening.

. Edge cloud computing. Using the storage and computing power of an edge
cloud, data processing can be realized on an edge server in order to guarantee
low latency and alleviate the traffic congestion of a core network.

. Network function virtualization. By using software-defined network (SDN) and
network function virtualization (NFV), we can realize the coupling of control
and user planes, as well as the coupling of hardware and software.

6. Conclusion

Considering information variability, in this paper we first introduce a cognitive information
theory and its characteristics involving dynamic, polarity, evolution, convergence, and multi-
view. We then provide the mailbox theory in cognitive information. Finally, combining the
traditional communication system and cognitive information theory, we propose a new
communication system. The results of the experiments show that the cognitive
communication system has a greater performance than the traditional communication
system.

Acknowledgment

This work is supported by the National Key R&D Program of China (2017YFE0123600). Dr. Yixue Hao’s work
was supported by the National Natural Science Foundation of China (Grant No. 61802138), the China Postdoctoral
Science Foundation (No. 2018M632859, No. 2019T120657).

Conflict of interest

The authors certify that they have NO affiliations with or involvement in any organization or entity with any
financial interest (such as honoraria; educational grants; participation in speakers bureaus; membership,
employment, consultancies, stock ownership, or other equity interest; and expert testimony or patent-licensing
arrangements), or non-financial interest (such as personal or professional relationships, affiliations, knowledge or
beliefs) in the subject matter or materials discussed in this manuscript.

References

[1]. Boccardi F, Heath RW Jr, Lozano A, Marzetta TL, Popovski P, Five disruptive technology
directions for 5g, IEEE Commun. Mag 52 (2) (2014) 74-80.

[2]. Chen S, Qin F, Hu B, Li X, Chen Z, User-centric ultra-dense networks for 5g: challenges,
methodologies, and directions, IEEE Wirel. Comm 23 (2) (2016) 78-85.

Inf Sci (N 'Y). Author manuscript; available in PMC 2020 March 12.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Chenetal.

Page 13

[3]. Wang C-X, Haider F, Gao X, You X-H, Yang Y, Yuan D, Aggoune HM, Haas H, Fletcher S,
Hepsaydir E, Cellular architecture and key technologies for 5g wireless communication
networks, IEEE Commun. Mag 52 (2) (2014) 122-130,

[4]. Sabella D, Serrano P, Stea G, Virdis A, Tinnirello I, Giuliano F, Garlisi D, Vlacheas P,
Demestichas P, Foteinos V, et al., A flexible and reconfigurable 5g networking architecture based
on context and content information, in: 2017 European Conference on Networks and
Communications (EUCNC), IEEE, 2017, pp. 1-6,

[5]. Chen M, Herrera F, Hwang K, Cognitive computing: architecture, technologies and intelligent
applications, IEEE Access 6 (2018) 19774-19783.

[6]. Shannon CE, A mathematical theory of communication, Bell Syst. Tech. J 27 (3) (1948) 379-423,

[7]. Chen M, Miao Y, Jian X, Wang X, Humar I, Cognitive-LPWAN: Towards intelligent wireless
services in hybrid low power wide area networks, IEEE Trans. Green Commun. Network 3 (2)
(2019) 407-417,

[8]. Reinsel D, Gantz J, Rydning J, The digitization of the world: from edge to core, IDC White Paper,
2018,

[9]. Wang F-Y, Zhang JJ, Zheng X, Wang X, Yuan Y, Dai X, Zhang J, Yang L, Where does alphago go:
from church-turing thesis to alphago thesis and beyond, IEEE/CAA J. Automat. Sinica 3 (2)
(2016) 113-120,

[10]. Buczak AL, Guven E, A survey of data mining and machine learning methods for cyber security
intrusion detection, IEEE Commun. Surv. Tutor 18 (2) (2016) 1153-1176.

[11]. Chen M, Hao Y, Label-less learning for emotion cognition, IEEE Transactions on Neural
Networks and Learning Systems, 2019, doi:10.1109/TNNLS.2019.2929071.

[12]. Zhang S, Zhang S, Huang T, Gao W, Tian Q, Learning affective features with a hybrid deep
model for audio-visual emotion recognition, IEEE Trans. Circuits Syst. Video Technol (2017),

[13]. Soleymani M, Pantic M, Pun T, Multimodal emotion recognition in response to videos, in:
Affective Computing and Intelligent Interaction (ACII), 2015 International Conference on, IEEE,
2015, pp. 491-497.

[14]. Oizumi M, Albantakis L, Tononi G, From the phenomenology to the mechanisms of
consciousness: integrated information theory 3.0, PLoS Comput. Biol 10 (5) (2014) e1003588.
[PubMed: 24811198]

[15]. Chen M, Zhou P, Fortino G, Emotion communication system, IEEE Access 5 (2017) 326-337.

[16]. Xu D, Li 'Y, Chen X, Li J, Hui P, Chen S, Crowcroft J, A survey of opportunistic offloading, IEEE
Commun. Surv. Tutor (2018),

[17]. Chen M, Hao Y, Lin K, Yuan Z, Hu L, Label-less learning for traffic control in an edge network,
IEEE Netw 32 (6) (2018) 8-14,

[18]. Krizhevsky A, Sutskever I, Hinton GE, Imagenet classification with deep convolutional neural
networks, in: Advances in Neural Information Processing Systems, 2012, pp. 1097-1105.

Inf Sci (N 'Y). Author manuscript; available in PMC 2020 March 12.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Chen et al.

Generation
of Cognitive
Information

e ——
| Information !

Polarity

Cogpnitive information has

positive and negative polarities.

@  Convergence

Information value,

| Time
Information value reaches the upper|
bound in continuous cognition

Page 14

Utilization of
Cognitive
Informatiol

L

Information value Flow

® Dynamic
P

al |
E<Intrinsit: Value
807

Expanding Value

Information value includes intrinsic
value and expanding value

®

Fig. 1.

Evolution

E]\ .

M/ Cogpnition

In the process of transmission,
information is continuously cognized

| Value

@ Multi-View

|r Information

In the application layer,
information value for different
users has multi-view

8=

The characteristics of cognitive information.

Inf Sci (N 'Y). Author manuscript; available in PMC 2020 March 12.



Page 15

Chen et al.

@%_ * N
7 N

:
:

7
A___@
()

A
Open the mailbox and
add cognition

I

TP

Open the mailbox and add cognition

jéi)
T
Interaction between BS
( ¢)
Ao

= (DM
c
«A = E_&_ S
Voo ot vt e i S S S s O A o I _ _ m
= Bl B! E_M: S
55 Rl c5dl £
= N — " —
Y 22| e s
£ E mm . 1 ! =
s 2 _ 52,1 | =0 i .m
I
=2 Rl bl Bl il =
S E B 2 = : s o
L_» :SW d - A <) ) ‘o | 5
...................................... S !
“_ o g > g 2
_ (- ! _ \_M=, ! B! = > " 5
! - nany | : 2 S o ! " 2
L (B I Lo . | | S
I / | ! / N I ] x
_ SURER T R | —m 2 s | 3
> | | b = o
“o o o ' CEL o ! 8 5 E e | =
" ; d ] P ;o HAHHHE MeE A= 8! g
| \ PR P | | (o)) = H
N [ A =] HHEEE = [Hm]| g E
| ~ T ! ! o b~ “ | =|l=l=] & N g | o2
| Ll _ | ! " HHEE g = g, oTF
| ! | ) ! > i
| | I
I 1 | “
1

NIST Author Manuscript NIST Author Manuscript NIST Author Manuscript

Inf Sci (N'Y). Author manuscript; available in PMC 2020 March 12.



1duosnuey Joyiny 1SIN 1duosnuey Joyiny 1SIN

1duosnuey Joyiny 1SIN

Chen et al.

Cloud Layer

Edge cloud <<@F\D>>

Layer /
A

# O ¢
Device Layer ‘ 8 ‘)J!LK*’
O & %

eMBB - mMTC

Fig. 3.
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