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Abstract 

In a 5 Generation massive Multiple Input Multiple Output radio network, the Channel State 
Information is playing a central role in the algorithm design and system evaluation. However, 
Acquisition of Channel State Information consumes system resources (e.g. time, frequency) which 
in turn decrease the link utilization, i.e. fewer resources left for actual data transmission. This 
problem is more apparent in a scenario when User Equipment terminals have multi-antennas and it 
would be beneficial to obtain Channel State Information between Base Station and different User 
Equipment antennas e.g. for purpose of high rank (number of streams) transmission towards this 
User Equipment. Typically, in current industrial implementations, in order to not waste system 
resources, Channel State Information is obtained for only one of the User Equipment antennas 
which then limits the downlink transmission rank to 1. Hence, we purpose a method based on Deep 
learning technique. In this paper, multi-layer perception and convolutional neural network are 
implemented. Data are generated by MATLAB simulator using the parameters provided by Huawei 
Technologies Co., Ltd. Finally, the model proposed by this project provides the best performance 
compared to the baseline algorithms. 

Keywords 

 Deep learning; 5G; massive MIMO; Channel reconstruction; Telecommunication; Artificial 
Intelligence 
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Sammanfattning 

I ett 5-generationsmassivt massivt multipel-inmatningsradio-nätverk spelar kanalstatens 
information en central roll i algoritmdesignen och systemutvärderingen. Förvärv av Channel State 
Information konsumerar emellertid systemresurser (t.ex. tid, frekvens) som i sin tur minskar 
länkanvändningen, dvs färre resurser kvar för faktisk dataöverföring. Detta problem är mer 
uppenbart i ett scenario när användarutrustningsterminaler har flera antenner och det skulle vara 
fördelaktigt att erhålla kanalstatusinformation mellan basstationen och olika 
användarutrustningsantenner, t.ex. för överföring av hög rang (antal strömmar) till denna 
användarutrustning. I nuvarande industriella implementeringar erhålls kanalstatusinformation för 
endast en av användarutrustningens antenner för att inte slösa bort systemresurser, vilket sedan 
begränsar överföringsrankningen för nedlänkning till 1. Därför syftar vi på en metod baserad på 
Deep learning-teknik. I detta dokument implementeras flerskiktsuppfattning och inblandat neuralt 
nätverk. Data genereras av MATLAB-simulator med hjälp av parametrarna som tillhandahålls av 
Huawei Technologies Co., Ltd. Slutligen ger modellen som föreslås av detta projekt bästa prestanda 
jämfört med baslinjealgoritmerna. 

Nyckelord 

Djup lärning; 5G; massiv MIMO; Kanalrekonstruktion; Telekommunikation; Artificiell intelligens 
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1 Introduction 

Modern wireless communication system refers to the process of transforming information without 
intermediate conductors like cables or wires. In last few decades, the wireless communication 
system develops significantly. Along with the emerging of the smartphone, a wireless 
communication system has penetrated deeply into daily life. 

1.1 Background 
Generally speaking, a wireless communication system consists of a base station, several user 
equipment. Basically, the base station works as the intermediate between different user equipment. 
It forwards the signal coming from one user to another user. Although, the base station has the 
range limit, which is named cell. The cellular network thus means the network consists of massive 
amounts of cells. 

		

Figure 1-1 Telecommunication system 

Figure 1-1 illustrates the cell which consists of two users and one base station. Each user 
equipment can transmit or receive a signal from the base station. But in order to transmit a signal to 
another user equipment, one user needs to transmit signals first to the base station, then the base 
station can feed the signal to the other user equipment.  

	

Figure 1-2 Communication between cells 

	

Figure 1-2 illustrates the situation when two devices want to communicate with each other but 
they are in different cells. In this case, one base stations corresponding to the transmitter will pass 
the signal to the other base station.  

However, the number and the mapping of antennas will have an influence on the performance 
of the network. In [1][2], multiple-input-multiple-output systems are introduced. In MIMO system, 
multiple antennas are used in both base station and user equipment. The sub-channels generated by 
multiple antennas can transmit signals in parallel. 

UE 

BS 
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Figure 1-3 Massive MIMO system 

Massive Multiple input and Multiple Output (MIMO) systems where a base station (BS) is 
equipped with a large number of antennas promise significantly larger spectral efficiencies than 
current traditional MIMO systems [3][4][5][6]One key requirement to achieve such promised 
capacity enhancement is to have accurate channel state information at BS. Such CSI acquisition is 
achieved via uplink pilots in connection with Time Division Duplexing (TDD) protocol and 
exploiting the reciprocity of the propagation channel, i.e., the acquired CSI is used for both UL 
reception & downlink precoding. A possible implementation of TDD protocol envisioned for massive 
MIMO is depicted in Fig.1-4. 

 
Figure 1-4 Slot structure and channel estimation in TDD systems [7] 

The system is shown as above, BS represents base station and UE represents user equipment, 
high-rank UE means the number of streams transmitted to UE is larger than one. 

1.2 Problem 
In a 5G massive MIMO radio network, the CSI describes the characteristics of the multipath channel 
model between UE and BS. However, pilot signals to obtain the CSI consumes system resources 
(e.g. time, frequency), which spares less resources for data transmission. Especially, in high-rank 
scenario, where the number of UE antennas is larger than one, more resources will be given to pilot 
signals to obtain the CSI matrix. As a result, in current industrial implementations, CSI is obtained 
for only one of the UE antennas which then limits the downlink transmission rank to 1. Hence, for 
high-rank scenario, state-of-art techniques like signal processing/machine learning which can 
enable high-rank transmission under such limited pilot signaling is highly appreciated. Then, the 
problem lies in how to reconstruct CSI with good enough accuracy under high-rank scenario with 
the help of the partial CSI from the pilot signal and other side information. 

Tx 

Antenna 

Rx 

Antenna 

1 

2 

3 

1 

2 

3 
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1.3 Purpose 
The purpose of this thesis project is to develop a reliable machine learning model using a partial 
channel state information to help reconstruct the full channel state information without using a long 
pilot signal. 

1.4 Goals 
The objective of this project is to apply machine learning to help the reconstruction of the channel 
state matrix. By implementing a machine learning model in the system, the process to reconstruct 
the matrix will get reduced significantly, which in turn shortens the pilot signal. This will enable a 
high-rank transmission scenario for 5G under limited pilot signaling. 

1.5 Benefits, Ethics and Sustainability 
People using wireless devices will gain the most benefit from this project since the evolution of 
wireless communication technology will cause higher data transmitting rate and lower latency. 

Due to the technical characteristics of our model, the outcome will mainly improve the 
performance of the 5G network. As a consequence, we do not have any ethical problems regarding 
society. While for the sustainability aspect, the outcome of this project will make wireless 
communication more energy efficient, which ensures transmitting more data with rather less energy 
per bit. 

1.6 Research Methodology 
The project will use the empirical method, as we use quantitatively measurable results for this 
project and the experiment will be conducted over the whole period. Data from the 5G network 
model should be generated first and the performance of the model should be measured 
quantitatively with some benchmarks afterward. 

1.7 Delimitations 
The correlation between different channels is relatively high, potentially there will not be a clear 
mapping between two different channels. Also, the machine learning model suffers from 
generalization problems. 

1.8 Outline 
In Chapter 2, detailed technical backgrounds related to this project such as MIMO and OFDM 
technology are discussed. Then in Chapter 3, the method of this project is further discussed. The 
structure of the neural network and detailed reasoning behind that are presented. In Chapter 4, the 
implementation of the project will be discussed along with the platform, configurations, generation 
and preprocessing of the data. Chapter 5 presents the final result we have, mainly for the accuracy of 
the model and the actual performance of the system after we applied the parameters in the 
simulator. Finally, conclusions and discussions are shown in Chapter 6. 
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2 Background 

5G represents the 5th generation of cellular mobile communications. With the need for higher data 
rate, lower latency, and better energy efficiency, the transition from 4G LTE to 5G are promoted by 
tremendous investment and researches. In this section, several basic concepts in LTE networks will 
be introduced to provide plenty of technical background information for this project. 

2.1 Wireless Multipath Channel model 

BSq

AoDn,d

, ,n m AoDD

AoDmn ,,q

BSW

N

N
Cluster n

AoAmn ,,q

, ,n m AoAD

,n AoAd

 MSW

MSq

qv

BS array broadside

MS array broadside

BS array

MS direction
of travel

MS array

Subpath m

 v

 

Figure 2-1 3GPP multipath channel model [8] 
Multipath Channel Model describes the physical property of the wireless communication 

channel. The Figure 2-1 gives an example of the channel model. Signals in the real world are 
transmitted in a complex way. Besides base station and user equipment, the channel is modeled 
based on the characteristics of transmission paths. Properties like reflections, diffraction, and 
scattering around the scatter in the environment will influence significantly the quality of the signals 
in the receiver side [8].  

The multipath phenomenon is the effect that the signal is propagated to the receiver side 
through more than one paths. Generally speaking, the causes of this phenomenon are reflection and 
refraction effects on various objects, such as buildings in the city, or the surface of the water. Due to 
the reason the signal reaches the receiver side through a different path and at different time, there 
are interferences between subpaths. The interferences can be both constructive and destructive 
based on the phase of the received signal. Destructive phase shifting causes fading effects on the 
channel, which causes the amplitude of the received signal changes randomly. 

A cluster represents the scatters which will cause several different subpaths from the 
transmitter to the receiver. The line-of-sight path represents the line connected both base station 
and user equipment. AOD (angle of departure) and AOA (angle of arrival) are given by the angles 
between the subpath and line-of-sight path on the transmitter side and receiver side 
correspondingly. 

Hence, Channel State Information (CSI) can be derived from the model parameters, which is 
the coefficient to model the characteristics of the channel. The transmission of the signal then can 
be modeled as below: 

𝑦 = 𝐻𝑥 + n 

In which, x and y represent the input and output of the signal. And n represents the noise within 
the environment. H is the Channel State Information(CSI) as mentioned above. 
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2.2 MIMO 
In Section 2.1, the multipath channel model with only one antenna element involved is described. 
Such a system is also known as the Single Input Single Output System (SISO). With the desirability 
to have more capacity gain by using several antennas, the system evolves from SISO to more 
complex systems such as Single Input Single Multiple System (SIMO), Multiple Input Single Output 
System (MISO) and Multiple Input Multiple Output System (MIMO).  

With different numbers of antennas on both transition and receiver side, the communication 
system will have tremendous combinations of pairs of antennas configurations. Ideally, either 
diversity gain (represents the number of paths to the receiver) or degree of freedom (represents the 
amount of data can be sent simultaneously) will increase with the increment of antennas. 

For SIMO system, the system can be modeled as Figure 2-2: 

 
Figure 2-2 SIMO System 

The diversity gain is 2 in this case, but the degree of freedom is still one because only one data 
can be transmitted at one time. 

For MISO system, the system can be modeled as Figure 2-3: 

	

Figure 2-3 MISO System 

When the transmitter is transmitting the same data, the diversity gain equals to 𝑁( which is the 
number of the transmitter antennas, and the degree of freedom is 1. When the transmitter has 
different data transmitted if Alamouti coding applied, the diversity gain still equals to 𝑁(, the degree 
of freedom is still 1 because there is only one antenna in the receiver side, which cannot decode the 
data needed from the mixed signals. 

Thus, MIMO system is purposed to decode the signals with different data from the transmitter. 
In order to fully take advantage of spatial multiplexing, Vertical Bell Labs Layered Space-Time (V-
BLAST) is proposed to gain high enough data capacity with multiple antennas in the system.[9][11] 
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Basically, V-BLAST allows different data streams to transmit at the same frequency simultaneously 
on different antennas by sufficient allocation of the data. A 2×2 MIMO system can be modeled as 
Figure 2-4: 

 
Figure 2-4 2-by-2 MIMO System 

Obviously, there will be interference between signals with different data. V-BLAST ensures one 
MIMO system can be separated into two independent SIMO sub-system, as shown in Figure 2-5. 

 
Figure 2-5 Decompose V-BLAST System into two SIMO System 

Hence, the downlink channel state information of the system above can be formulated as the 
matrix below. 

𝐻 = 𝐻)) 𝐻)*
𝐻*) 𝐻**

 

In which, each column represents the transmitter antenna and each row represents the receiver 
antenna. For example, 𝐻)*represents the second antenna in the base station side to the channel 
from the first antenna in the receiver side.  

2.3 Fading 
As discussed in Section 2.1, multipath causes a fading effect at the receiver side. In 

telecommunication domain, fading is an attenuation effect of a signal under the influence of various 
variables in the time domain, frequency domain, and space domain. Usually, fading effect causes the 
received signals are copies of the same signal with different attenuation, delay, and phase. However, 
the strong destructive fading effect can happen when two received signals cancel each other. This 
effect is known as deep fade, which is the major reason for the failure of the communication. 

Based on the time fading effect lasts, the fading effect can be divided into two types, fast fading, 
and slow fading. For slow fading, the rate of amplitude and phase change is nearly constant. And it 
usually lasts from several minutes to several hours. As for fast fading, the rate of amplitude and 
phase change varies significantly, which makes the process only last for several seconds.  

A factor called coherence time is created to measure the minimum time for a change of 
magnitude and phase. Coherent time is inversely related to the Doppler spread of the channel. 
Doppler spread is the difference of Doppler shift between different signal copies on subpaths. In this 
sense, the coherence time can be estimated through the equation below: 
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𝑇, ≈
1
𝐷0

 

In which, 𝐷0 is the Doppler spread and 𝑇, is the coherence time. 

Additionally, based on the level of interference, fading can be divided into upfade and 
downfade. Upfade refers to the fading effect on the position where the signal strength is higher than 
average, while downfade is the fading effect on the position where the signal strength decreases. 

2.4 Precoding 
From the last section, multi-stream channel state information matrix is formulated. Although, it 

can be observed that elements not on the diagonal are actually interference from other antennas. As 
a consequence, the performance of the system is affected because of the Co-Channel Interference 
(CCI) between different streams. Hence, in order to reduce CCI, precoding is proposed to project 
each stream into the null space of other channels. The resulting matrix will become a diagonal 
matrix which represents the scaling on each data-stream. Singular value decomposition (SVD) is a 
technique to obtain a diagonal matrix. The form of this operation can be formulated as below: 

𝐻 = 𝑈Σ𝑉3 

Mathematically, the left and the right matrix is simply a transformation matrix, while the 
diagonal matrix represents the scaling of the matrix, as shown in Figure 2-6. 

 
Figure 2-6 Singular Value Decomposition[10] 

Hence, the ideal multipath channel model will become: 

y = 𝑈Σ𝑉3𝑥 

In which, the matrix in the middle is diagonal, and U, V represents the left singular matrix and 
right singular matrix. Hence, the formula can be further transformed to: 

𝑈5)y =Σ𝑉3𝑥 

Thus, on the left-hand side, 𝑈5)y represents on the receiver side, the received encoded signal. 
On the right-hand side, 𝑉3𝑥 represents the encoded transmitted signal. And Σis the diagonal 
matrix which represents the scaling of the signal. In this sense, the matrix 𝑃 = 𝑉3 is the precoder 
which represents how on the transmitted side the signal is projected into the null space of other 
channels. 

However, to calculate the ideal precoder, channel state information needs to be obtained 
beforehand, which creates tremendous overhead. In order to limit the resource used to obtain the 
CSI and calculate the precoder, precoding matrix indicator (PMI) is proposed to simplify the 
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process. PMI is a quantized version of the ideal precoder, which is predefined at both base station 
side and user equipment side. Also, PMI is for the full-band which indicates it would be applied 
across all the frequencies. For every CSI, PMI is calculated based on an exhaustive search algorithm 
across all the predefined PMIs. The selected PMI would have the largest signal interference to noise 
ratio. 

2.5 OFDM 
OFDM (orthogonal frequency-division multiplexing) [11] is a leading approach to encode digital 

data on multiple carrier frequencies, which is widely applied in wideband digital communication, in 
which a wideband system usually means the message bandwidth exceeds the coherence bandwidth 
of the channel. OFDM guarantees high spectral efficiency and can be efficiently implemented, thus 
this technique is widely applied in a telecommunication system. 

Inter-symbol inference (ISI) is a type of inference between different symbols. Because of the 
limited bandwidth, some symbols will remain when other symbols are transmitting. The inference 
from other symbols has the same effect as noise, thus, the performance of the transmission will 
decrease sharply. The example is shown as Figure 2-7: 

 
Figure 2-7 Inter-symbol Interference with 2 different paths 

Due to the multipath in the system, when the first path demodulates the second symbol, the 
second path is still demodulating the first symbol. Hence, the first symbol will have inference to the 
second symbol. 

 
Figure 2-8 Subcarriers on different frequencies 
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In order to get rid of Inter-symbol Interference, one typical method is to split the broadband 
into several sub-bands. Conceptually, ODFM divides the channel into several orthogonal sub-
channels and high-speed data signal into low-speed sub-signals in parallel as shown in Figure 2-8. 
Hence, those sub-signals are modulated to transmit in every sub-channel. At the receiver side, 
orthogonal signals are separated to reconstruct the full signal. As a consequence, the inter-symbol 
inference is limited. 

2.6 Beamforming 
Beamforming is a downlink multi-antenna technique, which target is to transmit or receive 

signals in a dedicated direction.[12][13] By combining elements from an array of antennas with 
different weights, the user equipment in the cell within a certain direction will have constructive 
interference while other user equipment will experience destructive interference. The example of the 
effect of the weighted sum of multiple elements is shown as Figure 2-9: 

 
Figure 2-9 Beamforming 

When Beamforming is not applied, the shape of the beam is fixed and the position where the 
receiver will receive constructive interference and destructive interference is also fixed. Especially at 
the edge of the cell, receivers near the position where will experience destructive interference will 
have significantly low signal strength. Although for system applied Beamforming, the shape of the 
beam can be twisted. When the mean beam is on the direction of the users, they will experience a 
large gain in their signal strength. 

There are three types of gain beamforming technique provides: 

1. Array Gain 

2. Diversity Gain 

3. Multiplexing Gain 

Array Gain is a type of gain on SINR, based on the condition that the transmitted signals are 
under the same transmission power. As shown in the Figure 2-10, the power of the resulting signal 
will be doubled while the white noise still remains the same power. In this case, the SINR changes 
significantly. 
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Figure 2-10 Array Gain 

Diversity Gain is a type of gain on the stability of the signal in Figure 2-11. Multiple antennas 
make the fading effects appear at different time. Thus, when one of the antennas suffers from the 
fading effect, the other antenna helps the system to transmit the signal stably.  

 
Figure 2-11 Diversity Gain 

Multiplexing Gain is a type of gain on the throughput of the system as shown in Figure 2-12. 
Multiple antennas send different data at a different frequency within the MIMO System. The 
operation enhance the number of data sent within the same amount of time. 

 
Figure 2-12 Multiplexing Gain 
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2.7 Summary 
In this section, basic concepts within the telecommunication domain are discussed. MIMO is the 
key concept of 5G telecommunication, which enables transition and reception of the 
telecommunication signal at the same time. Other features like OFDM, Beamforming determines 
the dimension of the input and output matrixes. In Section 3, detailed methodologies applied in this 
project will be discussed. 
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3 Methodologies 

Within this Section, a formal definition of the problem will be provided in the form of presenting 
Tasks, Experience, and Performance. Section 3.2 will provide further validation of the problem and 
a substitute for the current solution will be proposed. In Section 3.3, the detailed data generation in 
the simulator will be discussed. Finally, detailed reasoning about algorithm selection will be 
discussed. 

3.1 Problem Definition 
In Section 3.1, a preliminary summary of the problem is described, while this chapter presents more 
details. The goal of partial CSI prediction is to predict the full channel state information (CSI) using 
partial CSI matrix, which can be modeled as the Figure 3-1: 

	

Figure 3-1 Input and output definition of the model 
Hence, according to widely used formalism of machine learning problem from Ton Mitchell, “A 

computer program is said to learn from experience E with respect to some class of tasks T and 
performance measure P, if its performance at tasks in T, as measured by P, improves with 
experience E.” [14] Applying this formalism to define the tasks, experience, and performance, it can 
be concluded that: 

• Task (T): Predict the unknown CSI from explicit CSI. 
• Experience (E): Full CSI to investigate the mapping between different channels. 
• Performance (P): Mean squared error of ideal CSI and predicted CSI. 

The performance evaluation of the network is defined as Mean Squared Error (MSE) which 
indicates how close numerically the predicted value and the true value are. The equation below 
shows the MSE of the network. 

𝐌𝐒𝐄 = 𝟏
𝒏

(𝑯𝟐 − 𝑯𝟐)𝟐𝒏
𝒊B𝟏   (3-1) 

In which, n means the number of observations. Apparently, in the ideal case, the predicted CSI 
𝐻* is equal to ideal CSI 𝐻*, which leads to zero for the MSE. 

3.2 Problem Validation 
Although the problem definition above clearly indicates the task, experience, and performance for 
the problem, there are still risks for low correlation between two CSI. Hence, further validation of 
the problem will be carried out in this section and substitution of the solution will be proposed. 
Based on our simulation for the spatial channel model according to 3GPP standard as Figure 3-2, it 
shows that the linear correlation between two antennas in cross-polarized case is extremely low, 
which brings difficulties to the direct reconstruction. 
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Figure 3-2 Linear Correlation between channels on the 3GPP model 

Correspondingly, the detailed proof also supports that direct reconstruction is difficult in this 
scenario. Based on the 3GPP spatial channel model[8], the channel state information is calculated 
based on the formula below: 

𝐻C,0,E = 𝛼E 𝛽H𝑒J*KL
MN(OPQ,R,ST UPQ,V)

W

HB)

 

In which, 

𝛼E =
𝑃E
𝑀

 

𝛽E,H

=
𝐹OZ,C,[(𝜃E,H,]^_, 𝜙E,H,_^_)
𝐹OZ,C,𝟇(𝜃E,H,]^_, 𝜙E,H,_^_)

b exp	(𝑗ΦE,H
[[ ) 𝜅E,H5)exp	(𝑗ΦE,H

[j )

𝜅E,H5)exp	(𝑗ΦE,H
j[ ) exp	(𝑗ΦE,H

jj )

𝐹OZ,C,[(𝜃E,H,]^k, 𝜙E,H,_^k)
𝐹OZ,C,𝟇(𝜃E,H,]^k, 𝜙E,H,_^k)

 

𝛾E,H=exp(j2𝜋𝜆5)𝑟(Z,E,Hb 𝑑(Z,0)exp(j2𝜋𝑣E,H𝑡) 

𝛼E is the cluster power 𝛽E,H is a combined element including field patterns, initial phases, and 
𝛾E,Hposition of the base station and velocity. 

In order to know the relation between the input and the output of the model, which indicates 
how complex the problem is, the linear correlation between two user equipment antennas will be 
calculated as below: 

𝜌C,Ct = 𝐸[𝐻C,0,E ∗ 𝐻C’,0,E∗ ] 

Since 𝛼E is independent of the rest elements in the equation, thus it can be further simplified as: 

𝜌C,Ct = E[ 𝛼E *] 𝐸[ 𝛽H *𝑒J*KLMN(OPQ,R,ST (UPQ,V5UPQ,V{))]
W

HB)

 

Thus, there are four independent random variables in the equation above, which are azimuth 
angles of arrival and departure, zenith angles of arrival and departure for each ray in each cluster 
𝜃E,H,_^_, 𝜃E,H,_^k, 𝜃E,H,]^_, 𝜃E,H,]^k. 

For the scenario where the UE antennas are cross-polarized with +45/-45 degrees. The equation 
of channel state information for each antenna can be simplified as below: 



Methodologies | 15 

15	
	

𝛽E,H =
𝑓)
𝑓*

b 𝟇) 𝟇*
𝟇} 𝟇~

𝑔)
𝑔* 	

= 𝑓)𝑔)𝟇) + 𝑓)𝑔*𝟇* + 𝑓*𝑔)𝟇}+𝑓*𝑔*𝟇~	
 

Although, for different polarized angles, the only difference is the vector 𝑓)𝑓*

b
: 

𝑓)
~�° = 𝐴𝑐𝑜𝑠 45° 		𝑓)

5~�° = 𝐴𝑐𝑜𝑠 −45° = 𝑓)
~�°	

𝑓*
~�° = 𝐴𝑠𝑖𝑛 45° 		𝑓*

5~�° = 𝐴𝑠𝑖𝑛 −45° = −𝑓*
~�° 

Thus, for these antennas, 

𝛽 = 𝛽~�°

𝛽5~�°
= 𝑢 ∙ 𝑦 = 1 1

1 −1
𝑓)(𝑔)𝟇) + 𝑔*𝟇*)
𝑓*(𝑔)𝟇} + 𝑔*𝟇~)

 

𝜌 = 𝐸 𝛽 ∙ 𝛽3 = 𝐸 𝑢𝑦𝑦3𝑢3 = 𝑢𝐸[𝑦𝑦3]𝑢3 

For 4 different 𝟇, they consist of independent random variables, thus we can conclude the 
correlation between them is 0. Then the correlation matrix of  𝛽~�° and 𝛽5~�° will have a diagonal 
shape. It means the correlation between them will be close to 0. 

𝜌 = 𝑑) 0
0 𝑑*

 

In this case, instead of directly reconstruct the second channel from the first one, PMI from the 
codebook is provided as the side information. Additionally, since PMI is used as quantized precoder 
on the UE side, the output of the neural network is also switched to precoder.  

Mathematically, the input of the network and the output of the network are as Figure 3-3: 

 
Figure 3-3 Input and output definition on the Second solution 

In which, 

𝐻),   𝐻) is SRS channel from the simulator. 

𝑊�W� b
}*×* = 𝑊)

�W�,𝑊*
�W� 		𝑊�W� is Precoder Matrix Index (PMI).  

𝑊�U��� b
}*×* = 𝑊)

�U���,𝑊*
�U��� 	 𝑊�U��� is the predicted value of the precoder matrix. 

In this case, the problem definition is replaced as below: 

 Task (T): Predict the unknown precoder from explicit CSI and PMI feedback. 

Experience (E): Ideal precoder from SVD of the ideal CSI 

Performance (P): The difference of capacity between a system with predicted precoder and ideal 
precoder. 

The final evaluation matric in this scenario is the capacity of the predicted precoder compared 
with the ideal precoder. Although in optimal case the mean squared error is zero when the predicted 
precoder has the highest capacity, MSE is not feasible for this problem, since MSE doesn’t have a 
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strong relationship with the capacity itself. Hence, a custom loss function is proposed to capture the 
difference of capacity of the system using predicted precoder compared to ideal precoder.  

𝐿𝑜𝑠𝑠 = 1 −
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�O�U�,(
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�U���

 

To minimize the difference, the system applying predicted precoder will have a gain on capacity 
compared to directly apply input to the system.  

The capacity is obtained from the receiver filtered effective channel. The formula of the spatial 
channel model is: 

𝑦 = 𝐻𝑃𝑥 + 𝑛	

In which, H represents the channel state information and P is the precoder. n represents the 
noise. 

𝐻��� = 𝐻𝑃 

Hence, the effective channel can be obtained from the product of channel state information and 
precoder. In a single user case, the precoder P is the normalized PMI feedback W. 

𝑃 =
#𝑎𝑛𝑡𝑒𝑛𝑛𝑎𝑠
𝑛𝑜𝑟𝑚(𝑊)

𝑊 

However, in order to calculate SINR, receiver filtered effective channel is needed: 

𝑅CC = 𝐻���b 𝑅��5)𝐻��� 

𝑅�� = 𝐸 𝑦𝑦3 = 𝐻���𝐻���b + 𝑛𝑝𝑜𝑤 ∗ 𝐼 

𝑅�� is received signal covariance matrix, and the MMSE filter is thus 𝐻���b 𝑅��5). Hence, receiver 
filtered effective channel is obtained, in which, signal and interference are on two different 
diagonals. Hence, SINR can be calculated as below: 

𝑆𝐼𝑁𝑅 = 𝑟𝑒𝑎𝑙(
𝑑𝑖𝑎𝑔(𝑅CC)

1 − 𝑑𝑖𝑎𝑔(𝑅CC)
) 

The capacity of the system is calculated based on Signal-to-interference-plus-noise ratio (SINR) 
of the system.  

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 = 𝑙𝑜𝑔*(1 + 𝑆𝐼𝑁𝑅) 

 

3.3 Data Generation 
In practice, a limited amount of data will cause overfitting. Hence, generating as much data 

points as possible is a common trick for machine learning. Although, based on the computation time 
the simulator consumes, the large dataset will take most of the time of this project. Hence, in this 
section, a detailed setting of the data generation and a number of observations will be discussed. 

The simulation is under CDLB scenario, in which CDL means Clustered Delay Line. CDL is a 
channel model which ensures the received signals are composed of separate delayed clusters. [15] In 
order to achieve randomness of the parameters mentioned in Section 3.2, the simulator takes the 
different seed to generate randomized parameters. Additionally, the simulator uses OFDM to 
increase the data rate. To simplify the problem, 144 OFDM subcarriers are selected. Since this 
project is designed for the high rank user equipment, it means that the rank at user equipment side 
is larger than 1. In this case, the MIMO configuration in this project is 2 user equipment antennas 
with 32/64 base station antennas correspondingly. Finally, to further simplify the problem, the user 
equipment is assumed as static. 
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In summary, the detailed configuration for the simulator is as below: 

• Simulation scenario: CDLB 

• MIMO configuration: 64/32×2, 64/32 for base station antennas, and 2 for user equipment 
antennas. 

• OFDM subcarriers: 144 subcarriers. 

• Velocity: Static 

• AOA, AOD, ZOA, ZOD are randomized with different seeds. 

As a consequence, the channel state information generated has the shape of 64/32×2×144, 
which contains complex elements. Considering the time each matrix is generated, this project is 
trained with 40000 different observations for the first proposed solution while 10000 observations 
for the second proposed solution. Since in the second solution, each OFDM subcarriers are treated 
independently, in total, there will be 1440000 observations. However, to reduce the training time, 
the second neural network only trained with 300000 different observations. 

3.3.1 Preprocessing  

Besides the channel state information, for the second solution, ideal precoder and PMI are also 
needed. 

As described in Section 3.2, the precoder is simply the right singular matrix of the averaged 
channel: 

𝑅§§ = 𝐻�×𝐻�3
E

�B)

	

The generation of PMI is based on the existing codebook, which is predefined quantized 
precoder at both base station side and the user equipment side. The algorithm used to select PMI 
from codebook is as below: 

“PMI Search Algorithm” 
1. Take ideal CSI as the input. 
2. Output is the ideal precoder. 
3. maxCapacity=0 
4. index=0 
5. For i=1 to #PMI 
6.   capacitySum=0 
7.   for j=1 to #Subcarriers 
8.    CapacitySum+=Capacity 
9.   endfor 
10.   if CapacitySum > maxCapacity 
11.    index=i 
12.   endif 
13. end for 
14. return index 

In short, the algorithm applied here will do the exhaustive search over all the PMI and select 
one full-band precoder which has the largest capacity over all the subcarrier frequencies.  

Finally, for the input of the second solution, it is composed of partial CSI and PMI, which comes 
from the baseline algorithm, as shown in Figure 3-4. 
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Figure 3-4  Input structure of the Second Solution 

In which, the estimated precoder is calculated based on: 

𝑆𝑉𝐷 𝐻)𝐻)3 = 𝑈Σ𝑉3 	

𝑊) = V	

Basically, the baseline algorithm intends to create a precise partial precoder based on the partial 
CSI matrix. Hence, combining with the PMI for the second channel, the input matrix has a 
dimension of 32×2. 

Additionally, since all the input matrixes are composed of complex elements, further processing 
on the dataset is needed to be fed into the neural network. The preprocessing method needed in the 
neural network has a close relation to the loss function applied as shown in Figure 3-5.  

 
Figure 3-5 Separate input into real and imaginary part 

As discussed in Section 3.2, the Loss functions applied in the neural network are all in the real 
domain. Thus, it is essential to separate those complex matrixes into the real and imaginary part, 
which create another dimension.  

3.4 Algorithm Selection 
Based on the solution proposed, the algorithm is limited within a supervised machine learning 
domain. Thus, correspondingly, the convolutional neural network is proposed for the first solution 
while multi-layer perception for the second solution. In this section, the gradient descent algorithm 
will be discussed first since it is the base of the neural network. Then, three different applications of 
neural network related to this project-multilayer perception, convolutional neural network, and 
convolutional autoencoder will be detailed discussed. 

3.4.1 Gradient Descent 

Most of the machine learning algorithm is built upon gradient descent algorithms. Gradient descent 
is a generic algorithm dedicated to optimizing the solution for various problems. The key concept of 

Real part 

Imaginary part 
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the algorithm is to adjust parameters to minimize a loss function. The gradient here refers to the 
partial derivatives between the loss function and the parameters.  

	

Figure 3-6  Gradient Descent AlgorithmError! Reference source not found. 
The Figure 3-6 takes weights inside the neural network as an example. Gradient descent The Figure 3-6 takes weights inside the neural network as an example. Gradient descent 

algorithm needs to set up a start point, which initializes all the weights with random numbers based 
on different parameter initialization algorithm. Besides, there is three key concepts of the gradient 
descent algorithm: descent direction stopping criterion and step size. 

The algorithm moves in the direction where the value of the loss function decreases. The 
descent moves to the right if the gradient is positive and the weights increase as shown in Figure 
3-7. 

 
Figure 3-7  Decent Direction 

Additionally, there is a certain stopping criterion which determines if the neural network stops 
the training process. Generally, the stopping criterion is that the loss function reaches its global 
minimum. One of the criteria of the global minimum point is that its gradient equals to zero, which 
means the gradient would increase if the weights decrease or increase. 

∇ª𝐽 𝑤 = 0 

Finally, the step size determines how fast the weights change given a specific gradient. Thus, the 
step size is also known as the learning rate. A large learning rate makes the algorithm converge 
within several iterations, while small learning rate has the opposite effect as shown in Figure 3-8. 
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Figure 3-8  Learning Rate 

Based on the difference in the training data. There are three different gradient descent 
algorithm, batch gradient descent, stochastic gradient descent, and mini-batch descent. 

Batch gradient descent is calculated over the full training set at each step with the sacrifice of 
calculation time. However, batch gradient descent can be easily scaled up when the number of 
features increases.  

Stochastic gradient descent in Figure 3-9 does the opposite which computes the gradient only 
on one single instance. The instance is randomly picked from the full training dataset. The 
randomness causes the algorithm never stop at the minimum, which means the stopping criterion 
needs to be changed. Hence, simulated annealing is proposed which applies a large learning rate in 
the beginning and gradually shrink the learning rate at each step. 

 
Figure 3-9  Stochastic Gradient Descent[21] 

Mini-batch gradient descent is a combination of batch gradient descent and stochastic gradient 
descent. Instead of computing on the full training set, one small batch of instances randomly picked 
from the dataset is used in the algorithm. The small random sets of instances are called mini-
batches. 
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3.4.2 Multilayer perception 

A multilayer perceptron [16] is one type of feedforward artificial neural network. Generally, three 
types of layers are involved: input layers, hidden layers, and output layers. The Basic structure can 
be modeled as below: 

 
Figure 3-10 Multi-layer Perception[18] 

As the Figure 3-10 shows, the multilayer perceptron model is constructed through a directed 
acyclic graph (DAG). Within each neuron, there is one specific weight tied with it. Each layer is fully 
connected with the next layer and also includes a bias neuron which will be added to the next layer. 
Generally speaking, one or more hidden layers should be included in the multilayer perception 
which is proved by universal approximation theorem. [19]It is believed that “a feed-forward 
network with a single hidden layer containing a finite number of neurons can approximate 
continuous functions on compact subsets of 𝑅E, under mild assumptions on the activation 
function.” Hence, the number of neurons in the hidden layer also affects the performance of the 
network. According to the rule of thumb, the hidden layer usually has 1.5 to 2 times the number of 
input neurons.  

The simple DAG in Figure 3-11 describes the detailed calculation within the feed forward 
process: 

	

Figure 3-11 Structure of Artificial Neuron[19] 

Noticeably, inputs 𝑥), 𝑥*, …… 𝑥E	are combined together in the output through the formula below: 

𝑦 = 𝑔 𝑤)𝑥) + 𝑤*𝑥* + 𝑤}𝑥} + ⋯+ 𝑤E𝑥E + 𝑏  
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In which g is the activation function, a detailed description of the activation function is in the 
following section. 

	

3.4.2.1 Activation Function 
In an artificial neural network, the activation function takes a weighted sum of the inputs and 
defines the output of the node. Generally speaking, activation function provides non-linearity to the 
network which is supposed to model the non-linear functions. Some examples of the widely used 
activation function are listed in the form below: 
Table 3-1 Examples of the activation function  

Name	 Equation	 Range	
Linear	 𝑓 𝑥 = 𝑥	 (−∞,+∞)	
Sigmoid	 𝑓 𝑥 = 𝜎 𝑥 =

1
1 + 𝑒5Z

	
(0,1)	

Tanh	
𝑓 𝑥 = tanh	(𝑥) =

(𝑒Z − 𝑒5Z)
(𝑒Z + 𝑒5Z)

	
(−1,1)	

Rectified	linear	unit(ReLU)[21]	 𝑓 𝑥 =
0	𝑓𝑜𝑟	𝑥 < 0
𝑥	𝑓𝑜𝑟	𝑥 ≥ 0	

[0, +∞)	

Leaky	ReLU[22]	 𝑓 𝑥 =
0.01𝑥	𝑓𝑜𝑟	𝑥 < 0
𝑥	𝑓𝑜𝑟	𝑥 ≥ 0 	 (−∞,+∞)	

Noticeably, the range of each activation function is also an important fact for the activation 
function. For ReLU, when the input is below zero, the output will also stay at zero. This problem is 
also known as “Dying ReLU”. To solve this problem, Leaky ReLU is proposed, which has a relatively 
small slope for the negative part. In the second solution of this project, Leaky ReLU is applied as the 
activation function since the negative value is valid for CSI. 

3.4.2.2 Back propagation 

 
Figure 3-12 The minimum/maximum point of a function[23] 

Back propagation algorithm [27] generally follows the gradient descent approach. Basically, the 
gradient descent approach will help to find the local maximum or local minimum of a specific 
function in Figure 3-12. This technique fits perfectly with the goal of the neural network, which 
minimizes the loss function to find the global minimum. 
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Figure 3-13 Back propagation process on a neuron[27] 

In the training phase, the weights need to be updated through the algorithm called back 
propagation in Figure 3-13. The idea behind the back propagation algorithm is to adjust the value 0f 
the weights according to the error between the label and predicted value on each output neuron: 

𝐸𝑡𝑜𝑡𝑎𝑙 =
1
𝑛 𝑦𝑖 − 𝑦𝑖

2
𝑛

𝑖=𝑖

	

Hence, the partial derivative of the error to each weight can be calculated by applying the chain 
rule: 

𝜕𝐸(¸(��
𝜕𝑤�

=
𝜕𝐸(¸(��
𝜕𝑜𝑢𝑡�

×
𝜕𝑜𝑢𝑡�
𝜕𝑛𝑒𝑡�

×
𝜕𝑛𝑒𝑡�
𝜕𝑤�

	

Then, the updated weight is calculated as: 

𝑤�
E�ª = 𝑤� − 𝑙𝑟×

𝜕𝐸(¸(��
𝜕𝑤�

	

Within the equation, 𝑙𝑟 is the learning rate which represents the speed of the gradient descent. 
The higher the learning rate is, the faster the weights drop. However, when the learning rate is too 
high, it tends to pass the local minimum easily, when the learning rate is too low, the training would 
take a long period of time. Hence, a suitable learning rate needs to be chosen. 

3.4.3 Convolutional Neural Network  

Convolutional Neural Network (CNN)  is a renowned technique within Deep learning domain. CNN 
is inspired by David H. Hubel and Torsten Wiesel in 1959[30], who are inspired by brain visual 
cortex. Neurons in visual cortex tend to react only to visual stimuli within a limited region, which is 
also known as the local receptive field. To simulate the function of the receptive field, the term filter 
is created, which is composed of a set of weights. Through a different set of weights, different 
functions can be realized such as detecting edges curves or simple colors. 

Within each convolution layer, convolution operations are involved. Based on the filter 
described as above, convolution operation would take a filter and multiplying it with specific 
receptive field and then shifting around the whole image. Mathematically, one-dimensional 
convolution can be formulated as below: 
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𝑦 𝑘 = ℎ 𝑛 ∙ 𝑥(𝑘 − 𝑛)
»5)

EB¼

	

In which N represents the number of elements in h. Basically, the calculation is sliding the filter 
h over the input signal x. 

However, normally in convolution neural network, the input and output are both images which 
generally have two dimensions within each channel. Hence, 2-dimensional convolution can be 
formulated as below: 

𝑦 𝑛,𝑚 = ℎ 𝑖, 𝑗 ∙ 𝑥(𝑛 − 𝑖,𝑚 − 𝑗)
»5)

�B¼

W5)

JB¼

	

In which N and M represent width and height respectively. Generally, two-dimensional filter 
will help to detect vertical and horizontal lines in an image. Similarly, the calculation is sliding the 
filter across the entire image. Although, since the input is two dimensional, the output should also 
be two dimensional.  

 
Figure 3-14 Mapping between input Feature Map and Output Feature Map 

Since the output of the convolutional layer is basically the feature abstracted from the objects in 
the image, the output of the convolution layer is named as a feature map as shown in Figure 3-14.  

Hence, three essential parts of a convolutional neural network can be concluded as the graph 
below: 

 
Figure 3-15 Classic Convolution neural network application on the classification problem 

In the Figure 3-15, a typical classification convolutional neural network is presented. Generally 
speaking, a convolution neural network consists of convolution layer, pooling layer, and fully 
connected layer. The function of each layer will be discussed in the section below. [31] 
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3.4.3.1 Convolutional Layers 

	

Figure 3-16 Convolution operation 

Within this layer as shown in Figure 3-16, convolution operations are applied to the images. Each 
neuron in the feature map only project pixels in its receptive field. And for each feature maps, there 
is a convolution filter to the image, which is applied by all the neurons in the feature map. Besides 
the filters which are consisted of a set of weights, bias is also added to the result through its 
activation function to the next layer. 

As mentioned in the Section 3.4.3, the calculation is basically sliding the filter throughout the 
image. Although, the size of the feature map may differ according to the selected stride, filter size, 
and padding. 

Filter size determines the size of the kernel in each convolutional layer. A kernel is composed of 
a set of weights which are frequently updated in the training process. Usually, the size of the kernel 
is picked with small numbers like 3 and 5 to subtract more detail features from the input image as 
shown in Figure 3-17.  

	

Figure 3-17 Sliding windows within convolutional layer[20] 

Take the same padding as an example, in this case, the input and output of the convolution 
layer have the same shape. When 𝑝𝑎𝑑𝑑𝑖𝑛𝑔	𝑠𝑖𝑧𝑒 = 𝑘𝑒𝑟𝑛𝑒𝑙	𝑠𝑖𝑧𝑒/2 , the input and output will have the 
same shape, since, for each pixel in the image, there will be one convolution operation upon it. 

3.4.3.2 Pooling Layer/Up-sampling layer 
The function of Pooling Layer is to downsample the image extracted by the convolutional layers. By 
reducing the dimensionality of the feature map to decrease processing time. Oppositely, the up-
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sampling layer is to increase the dimensionality of the feature map. Within each pooling layer, 
neurons are connected to receptive fields of previous layers as shown in Figure	3-18.  

 
Figure 3-18 Pooling Layer 

Unlike convolutional layer, pooling layer has no weights inside. There are several types of the 
pooling layer such as max pooling and average pooling. Basically, it will take the maximum element 
or average over all the elements within the kernel as the output of the layer. 

3.4.3.3 Dense Layer 
Generally, the Convolutional neural network is applied in classification problems. And Dense Layer 
is a fully connected layer that performs classification on the feature. Dense layer shares the same 
architecture as the multilayer perception in the previous section. Since the input of the dense layer 
is used to be a vector, when the output of the convolution layer is connected to the dense layer, the 
feature maps need to be flattened into a vector. And the output is generally the different classified 
categories. 

3.4.3.4 Back propagation 
Training of the convolutional neural network is similar to the training phase of the convolutional 
neural network. The error within each convolution layer has to be calculated first. Take the Figure 
3-19 as an example. Suppose the input has a shape of 3×3 while the kernel has a shape of 2×2. The 
convolution layer has no padding and the stride which controls the step kernel moves equals to 1. 
Consequently, the output image is 2×2: 

	

Figure 3-19 Examples on Back propagation 
On the right-hand side, the output h is calculated by the convolution of the input image x and 

the kernel w: 

ℎ)) = 𝑊))𝑋)) + 𝑊)*𝑋)* + 𝑊*)𝑋*) + 𝑊**𝑋**	

ℎ)* = 𝑊))𝑋)* + 𝑊)*𝑋)} + 𝑊*)𝑋** + 𝑊**𝑋*}	
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ℎ*) = 𝑊))𝑋*) + 𝑊)*𝑋** + 𝑊*)𝑋}) + 𝑊**𝑋}*	

ℎ** = 𝑊))𝑋** + 𝑊)*𝑋*} + 𝑊*)𝑋}* + 𝑊**𝑋}}	

Then the error can be calculated from the difference between label l and output value h: 

E = 𝐸§)) + 𝐸§)* + 𝐸§*) + 𝐸§**	
= 𝑙)) − ℎ)) + 𝑙)* − ℎ)* + 𝑙*) − ℎ*) + (𝑙** − ℎ**)	

Then the partial derivatives on each weight can be calculated by applying the chain rule as 
below: 
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Finally, when the learning rate LR is settled, the updated weight can be calculated as: 
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In the same sense, when the depth of the convolutional neural network is higher, the error is 
further propagated from the output layer to the input layer. 

3.4.4 Convolutional Autoencoder 

Autoencoder[32][33] is an unsupervised machine learning algorithm used to learn the efficient 
coding of the input dataset. A convolutional autoencoder is basically using convolution layer instead 
of fully connected layer. The general structure is as Figure	3-20: 
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Figure 3-20 Convolutional Autoencoder[25] 
Take images as examples, in the encoder part, the images are compressed by convolution layers 

and pooling layers to get the latent space of the image. The latent space is the quantized 
representation of the input. In the compression phase, the noise will be suppressed by continuous 
operations of convolution and pooling. Within the decoder part, the input image is also used as the 
label of the network. The latent space feature maps are up-sampled to reconstruct the same image 
as the input. 

The practical meaning of the convolutional autoencoder is to efficiently compress the big 
images into smaller feature maps without losing too much information when decoding the latent 
feature maps. Smaller feature maps ensure the efficiency of the operations within each convolution 
layer. Since smaller numbers of the convolution operations are needed within each convolution 
layer, then more feature maps can be created with a similar amount of time compared to do the 
convolution operation over the whole image. Hence, the general implementation of the 
convolutional autoencoder always has fewer feature maps when the dimension is high and have 
more feature maps when the dimension is low. 

However, the same techniques can be applied also in the supervised machine learning domain. 
If the input and the output image have close correlation, then through the encoding-decoding shape 
convolutional neural network, the output image can be reconstructed from the input image. 
Encoder part is supposed to suppress the noise within the images also provide high efficiency for the 
training of the network, and the decoder part is supposed to gradually map the latent feature maps 
to the output image.  

3.5 System platform 
In this section, the detailed training and testing platform and the deep learning framework are 

listed below. The simulation process is done within the local environment while the training process 
is conducted in the server. 

Simulation Platform MatlabR2018b 

Deep learning Framework Tensorflow v1.12 with Keras API 

CPU Intel® Xeon® CPU E5-2690 v3 

GPU NVIDIA® P100 

Linux Distribution Ubuntu 16.04.4 LTS 
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3.6 Summary 
In this Section, the mathematical model is built upon detail validation and simulation. Two different 
types of machine learning model are proposed to provide two solutions. Then, key methodologies 
like back propagation, activation function, gradient descent are discussed. Finally, the system 
platform this project is running on is presented. In the next Section, the detail implementation of 
the machine learning model will be discussed. And the selection of optimizers, cross-validation 
techniques, callback functions applied in the project will also be discussed. 
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4 Implementation 
In Section 3, methodologies behind this project are detailed discussed. In this section, the detailed 
structures of the convolution neural network and multilayer perception will be discussed with 
specific reasoning behind those parameters. 

4.1 Dataset 
As discussed in Section 3, there are two solutions to solve this problem, one is directly 
reconstruction, the other one is to reconstruct the precoder using PMI. Hence, two sets of datasets 
are created. 

4.1.1 First Solution 

For the first solution, the convolutional neural network is applied to directly reconstruct the first 
channel to the second channel under different scenarios. Hence, several sets of CSIs are generated 
under different UE antenna configurations: 

Table 4-1 Simulation Configuration for the first solution 

UE	antenna	
polarization	

Velocity	 Number	of	
instances	

Number	of	BS	
antennas	

Number	of	UR	
antennas	

Parallel	
antennaλ/4		

Static	 40000	 64	 4	

Cross-polarized	
45/-45	

Static	 40000	 64	 4	

Cross-polarized	
0/90	

Static	 40000	 64	 4	

 
Since for each CSI matrix, there are 144 different subcarriers, which has a close correlation 

between the CSI elements in neighboring subcarriers. Convolutional neural network is suitable to 
capture the shape information of the matrix, which is also supposed to capture the correlation 
between different subcarriers. Hence, the 144 subcarriers are combined as one observation in this 
case. 

4.1.2 Second Solution 

Within the second solution, besides the CSI, several side information is needed. Ideal precoder can 
be obtained through applying SVD on CSI, while PMI is got from the exhaustive search through all 
the possible values in the codebook. However, since the second solution is supposed to solve the 
problem under the scenarios which solution one does not. Hence, only one scenario is considered in 
this case. The configuration of the second solution is: 

Table 4-2 Simulation Configuration for the second solution 

UE	antenna	
polarization	

Velocity	 Number	of	
instances	

Number	of	BS	
antennas	

Number	of	UR	
antennas	

Cross-polarized	
45/-45	

Static	 10000	 64	 4	

Also, since the second solution focuses on the reconstruction of the precoder matrix, which has 
less correlation with CSI in the neighboring subcarriers, CSIs in different subcarriers are treated as 
independent observations. This preprocessing also ensures the efficiency of the training process. 
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In summary, considering the reason for treating subcarriers differently in two solutions and the 
simulation configurations, the dimension of each input and output matrixes will be: 

Table 4-3 Dimension of the input and output matrix 

	 First	solution	 Second	solution	
CSI	 64×2×144×2×40000	 32×2×2×1440000	

Ideal	Precoder	 None	 32×2×2×1440000	
PMI	 None	 32×2×2×1440000	

Output	 64×2×144×2×40000	 32×2×2×1440000	
 

Every observation is normalized before inputting to the network. Based on the rule of thumb, 
the training set and testing set are separated with a ratio of 4:1. Furthermore, a validation set needs 
to be created to prevent overfitting. In this sense, the cross-validation technique is applied as the 
Figure	4-1: 

	

Figure 4-1 Cross-validation example[26] 
Basically, the validation set is a separation of the training set. Its purpose is to estimate the test 

error during or after the training to further adjust the hyper-parameters. Within each epoch, the 
model is trained with the training set and validated on the validation set, but the validation set is 
selected from different part of the training set. 

4.2 Model & Parameters 

4.2.1 CNN Structure 

In the implementation, the model shares similar idea with a convolutional autoencoder. Although 
autoencoder is an unsupervised machine learning algorithm, the encoder is useful to reduce the 
noise of the input matrix and decoder is used to reconstruct the matrix from feature maps. Hence, 
the network applied here has a more convolutional layer in the decoder part to ensure the accuracy 
of the reconstruction while doing quick down-sampling to keep the efficiency. Thus, the structure of 
the convolutional neural network is as Table 4-4: 
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Table 4-4 Structure of the convolutional neural network 

Layer	Number	 Layer	Type	 Output	Dimension	
1	 Input	Layer	 (144,64,2)	
2	 Convolution	Layer	 (144,64,8)	
3	 Maxpooling	Layer	 (72,32,8)	
4	 Convolution	Layer	 (72,32,64)	
5	 Maxpooling	Layer	 (36,16,64)	
6	 Convolution	Layer	 (36,16,128)	
7	 Convolution	Layer	 (36,16,128)	
8	 Convolution	Layer	 (36,16,64)	
9	 Upsampling	Layer	 (72,32,64)	
10	 Convolution	Layer	 (72,32,32)	
11	 Convolution	Layer	 (72,32,32)	
12	 Upsampling	Layer	 (144,64,32)	
13	 Convolution	Layer	 (144,64,8)	
14	 Convolution	Layer	 (144,64,2)	

4.2.2 MLP Structure 

For the second solution, a multilayer perception is built with one hidden layer in the network. The 
detailed structure is as the Table 4-5: 

Table 4-5 Structure of the multilayer perceptron 

Layer	Number	 Layer	Type	 Output	Dimension	
1	 Input	Layer	 128	
2	 Dense	Layer	 256	
3	 Dense	Layer	 128	

According to the rule of thumb, the number of neurons in the hidden layer is two times of the 
input layer. 

	

Figure 4-2 MLP structure 
However, based on the technique discussed in Section 3.3.1. There are several requirements for 

the preprocessing and loss function. Hence, the structure of the neural network needs to be changed 
accordingly as shown in Figure 4-2. At first, for the preprocessing part, the input of the network as a 
whole is a combination of coarse precoder and ideal channel state information. The coarse precoder 
is used to train the network, while the ideal channel state information is used in the loss function to 
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calculate the capacity as discussed in Section 3.2. Hence, for the practice implementation, the 
structure is as Table	4-6: 

Table 4-6 Structure of the multilayer perceptron 

Layer	Number	 Layer	Type	 Output	Dimension	
1	 Input	Layer	 (32,4,2)	
2	 Lambda	Layer	 (32,2,2)+(32,2,2)	
3	 Flatten	layer	 128	
4	 Dense	Layer	 256	
5	 Dense	Layer	 128	
6	 Reshape	Layer	 (32,2,2)	
7	 Lambda	Layer	 (32,4,4)	

Within the network, lambda layer is a layer with a custom function. Here, the first lambda layer 
divides the input into the precoder and channel state information, while the second layer combines 
the input with channel state information and feed them into the loss function. 

4.2.3 CNN Activation Function 

Noticeably, the activation function after each convolution layer is Leaky ReLU. As discussed in 
Section 3.4.1.1, the Leaky ReLU is designed to solve the “Dying ReLU” problem, which may cause 
the neural continuously output zero in the end. The function is as Figure 4-3: 

	

Figure 4-3 Leaky-ReLU activation function 

The slope on the negative side ensures the neuron can have negative output. 

4.2.4 Loss Function and Optimizer 

The loss function for the first solution is mean squared error: 

MSE	=	)
E

(𝐻* − 𝐻*)*E
�B) 	

As discussed in Section 3, MSE estimates the average of squares of the errors, the lower the 
value is, the higher the output accuracy is.  
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The loss function for the second solution has been discussed in Section 3.2: 

𝐿𝑜𝑠𝑠 = 1 −
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�O�U�,(
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�U���

	

A custom loss function representing the difference between the capacity in the ideal precoder 
and predicted precoder is created to directly mapping the performance of the neural network to the 
performance of the system. 

The training of the neural network is based on the gradient descent algorithm, which is also 
discussed in the last section. Although, the training process can take an enormous amount of time. 
Hence, to accelerate the training, an optimization algorithm is needed. 

State-of-art optimization algorithm is Momentum, Adaptive Subgradient (AdaGrad), Root 
Mean Square (RMSProp), and Adaptive moment estimation (Adam), etc. Momentum optimizer 
adds a tendency to the update process which enables it to continue decreasing or increasing in the 
same direction. The update process is as the equation below: 

𝑚 E�Z( = 𝛽)𝑚 + 𝑙O∇ª𝐽(𝑤) 

𝑤(E�Z() = 𝑤 − 𝑚	

Momentum optimizer focuses on the previous gradients. The momentum factor 𝑚 
accumulates all the previous gradients with a factor 𝛽) which represents the weight put on 
the previous momentums. 𝑙O is the learning rate which is the same as the backpropagation 
process without momentum. 

Momentum optimizer can be used to jump out of the local minimum. By putting weights on 
previous momentums, it is harder for the training process to converge. Hence, for a local minimum 
point, the update process would increase the cost to escape from the minimum point until it finds 
the global minimum. 

The key concept of AdaGrad is to keep track of an adaptive learning rate for every parameter. 
The learning rate is adapted over time. Then for every parameter within the network: 

𝑠�(E�Z() = 𝑠� + (∇ªÁ𝐽 𝑤� )
*	

𝑤�(E�Z() = 𝑤� −
𝑙O
𝑠� + 𝜖

∇ªÁ𝐽 𝑤� 	

In the equation above, 𝜖 is a small factor to avoid division of zero, and 𝑙O is the learning 
rate.  

Based on the AdaGrad Optimizer, the parameters are updated based on the gradient of 
each parameter. Parameters with larger partial derivatives have larger learning rate in the 
update process.  

However, there is a major defect for AdaGrad optimizer. AdaGrad often stops the 
training process too early because sometimes the adaptive learning rate �P

0ÁÃÄ
 drops too 

rapidly. Thus, RMSProp is proposed to solve this problem. Instead of recording all the 



36 | Implementation 

	
	

previous gradients, RMSProp only keeps track of recent gradients, which has a process as 
below: 

𝑠�(E�Z() = 𝛽𝑠� + (1 − 𝛽)(∇ªÁ𝐽 𝑤� )
*	

𝑤�(E�Z() = 𝑤� −
𝑙O
𝑠� + 𝜖

∇ªÁ𝐽 𝑤� 	

Hence, the adaptive learning rate �P
0ÁÃÄ

 in this way decreases more reasonably. 

This project used an optimizer called Adaptive moment estimation which is a combination of 
RMSProp and Momentum. It records an exponentially decaying average of past gradients and 
squared gradients. The specific algorithm is as below: 

𝑚�
(E�Z() = 𝛽)𝑚� + (1 − 𝛽))∇ªÁ𝐽(𝑤�)	

𝑠�(E�Z() = 𝛽*𝑠� + (1 − 𝛽*)∇ªÁ𝐽(𝑤�)×∇ªÁ𝐽(𝑤�)	

𝑤�(E�Z() = 𝑤� −
𝑙O
𝑠� + 𝜖

𝑚� 	

First two equations update the parameter based on the past gradient and past squared gradient 
correspondingly. The last equation updates the weights by applying two different parameters s and 
m in the equation. 

However, m and s are initialized at 0. Both parameters will be biased towards 0 at the 
beginning of the training. Hence it is essential to initialize the parameters using the equation below: 

𝑚(E�Z() =
𝑚

1 − 𝛽)
b 	

𝑠(E�Z() =
𝑠

1 − 𝛽*
b 	

Based on Adam optimizer, there is only one parameter which is essential for the training 
process, which is the learning rate. However, the training process is quite sensitive to different 
values of the training rate. High learning rate will cause the neural network to fail to adjust its 
parameters and low learning rate will cause the neural network to underfit the dataset like shown in 
Figure 4-4. 
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Figure 4-4 Selection of learning rate 

Generally, the training rate is a hyper-parameter which is adjusted through multiple training 
process. Hence, during the training, the selected value for the learning rate is at the Table	7: 

Table 7 Learning rate during training process 

Round 1 2 3 4 
Learning rate 0.0001 0.001 0.003 0.01 

In the end, the learning rate with 0.001 gives the best result, which is also used for the 
final evaluation. 

4.2.5 Parameter Initialization 

Parameter initialization is essential to train the neural networks efficiently and properly. Take a 
stochastic gradient descent algorithm as an example, which picks a random instance in the training 
set at every step. The algorithm is sensitive to the initial parameter when the algorithm is applied on 
a non-convex loss function as the Figure	4-5: 

	

Figure 4-5  Non-convex Cost Function[16] 

Generally, the training rate is a hyper-parameter which is adjusted through multiple 
training. Thus, there are several requirements on the weight initialization strategy: 
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1. The initial parameters on two different neurons at the symmetrical location with same 
loss function must have different values during initialization. This property further 
encourages the idea to randomly initialize all the parameters. 

2. Based on Xavier initialization, the variance of the output should not change when the 
input flows through every layer. 

Thus, based on the requirements as above, the weights can be initialized by applying 
Xavier initialization. The weights are normally distributed with the mean equals to zero. 
However, the standard deviation of the distribution is based on the activation function: 

For sigmoid activation, the standard deviation is: 

σ =
2

𝑛�E�C( + 𝑛¸C(�C(
 

For ReLU activation function, the standard deviation is: 

σ = 2
2

𝑛�E�C( + 𝑛¸C(�C(
 

4.3 Callbacks 
Within Keras API, callback functions are often applied to return the internal state during the 
training process. To be able to fetch the learning curve of the training process, two callback 
functions are applied in the network 

4.3.1 Early stopping 

Early stopping is a technique to prevent overfitting. In the training phase, there is a learning curve 
which records all the validation loss and train loss as Figure 4-6: 

	

Figure 4-6 Examples of the early stopping on the learning curves[29] 
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The training loss and the validation loss go down at the very beginning. At a certain point, the 
validation loss stopped to drop continuously and gradually goes up. At this point, it is believed that 
the model is starting to overfit the dataset. 

Early stopping is a function to detect the raising of the validation loss. Once the validation loss 
goes up, it automatically stops the training process.  

4.3.2 TensorBoard 

TensorBoard[34] is a visualization tool embedded in Tensorflow, through the callback function 
provided by Keras, training loss and validation loss of each epoch during the training phase can be 
stored in the Tensorboard and plotted in the scatters. Moreover, the computation graph for the 
neural network is also provided through TensorBoard. The Figure 4-7 is the computation graph of 
the second solutions. 

 
Figure 4-7 Computation graph of the second solution based on TensorBoard 
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4.4 Summary 
In this Section, the Structure and detailed configurations in the neural network is discussed for two 
different solutions. For the first solution, a Convolutional neural network is proposed with a double 
pyramid shape which intends to compress the input matrix and gradually reconstruct the output 
matrix. Then, for the second solution, a multilayer perceptron with custom loss function on capacity 
is proposed to minimize the gap between capacity using predicted precoder and ideal precoder. 
Additionally, some detailed techniques are discussed, like an optimizer, callback functions, and 
activation functions. In Section 5, the training loss and validation loss will be presented first to 
prove there is not an overfitting problem with the neural network. Then the result of the first and 
the second solution is presented with a comparison between the baseline algorithms. 
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5 Experiments and Discussion 
In this Section, the result of the project will be presented. At first, the learning curves for two 
different solutions are presented to ensure there is no overfitting for the model. Secondly, the 
performance of both solution will be evaluated in the following sections. 

5.1 Learning Curves 
Learning curves are widely used in the machine learning domain. The x-axis represents the epochs 
within the training phase, while the Y-axis represents the error between predicted value and labels. 

5.1.1 First Solution 
In this section, the learning curves of the first solution for both parallel UE antenna case and cross-
polarized UE antenna case will be discussed. 

	

Figure 5-1 Loss of the first solution on parallel UE antenna Scenario 
The training loss (Equation 3-1) is shown in the Figure 5-1. This curve is for the parallel UE 

antenna scenario with a distance of  λ
~

. The training error is gradually getting lower until the 
training process is early stopped by the call back function. Finally, the training loss remains at 
around 0.1 which guarantees over 80% accuracy for the reconstructed channel. 

	

Figure 5-2 Validation loss of the first solution on parallel UE antenna Scenario 

Epochs	

Epochs	
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The validation loss determines the loss evaluated with the validation set as shown in Figure 5-2. 
Generally speaking, the validation loss decreases with training loss at the beginning of the training 
phase. However, when the model starts to overfit the dataset, the validation loss increases. Finally, 
the validation loss under parallel UE antenna scenario has similar results as the training loss. And it 
does not increase at the end of the training phase. Hence, the model does not overfit the training set. 

	

Figure 5-3 Loss of the first solution on the cross-polarized UE antenna Scenario 

	

Figure 5-4 Validation loss of the first solution on the cross-polarized UE antenna Scenario 
The Figure 5-3 and Figure 5-4 shows the training loss and validation loss under cross-polarized 

UE antennas scenario. The training loss remains at 1 for all the epochs. That means convolutional 
neural network with current structure does not learn the mapping between the input and the 
output. As discussed in Section 3. In cross-polarized UE antenna scenario. Two different channels 
have a linear correlation close to zero, which cannot be reconstructed by using a convolutional 
neural network. 

 

 

 

 

 

Epochs	

Epochs	
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5.1.2 Second Solution 

	

Figure 5-5 Loss of the second solution on cross-polarized UE antenna Scenario 
The second solution is based on capacity loss function. Since the input of the neural network 

actually equals to the baseline algorithm. The decreasing of the loss function starts from relatively 
low value as shown in Figure 5-5. The training process takes only 4 epochs since according to the 
early stopping technique we applied, when the validation loss starts to increase, the training process 
needs to stop to prevent overfitting. 

	

Figure 5-6 Validation loss of the second solution on the cross-polarized UE antenna Scenario 
 

Noticeably, the validation loss in Figure 5-6 in the fourth epoch is higher than the third epoch. 
That means there can be certain overfitting problems within the network. Although, since the early 
stopping is applied in the network, the overfitting of the network is limited. 

5.2 Performance Evaluation 
Besides the learning curve, the performance is also evaluated based on the test set. In this section, 
detailed performance on the test set will be discussed. 

5.2.1 First Solution 
As discussed in Section 4.2.4, the loss function of the first solution is the mean squared error, which 
measures the difference between a label and predicted value. Thus, the evaluation metrics of this 
model is based on the accuracy of how the model reconstructs the second channel with the first 
channel as the input. 

Epochs	

Epochs	



44 | Experiments and Discussion 

	
	

Accuracy = 1 − MSE = 1 −
1
𝑛

(𝐻* − 𝐻*)*
E

�B)

 

Table 5-1 Evaluation on the first solution 

Scenario	 Loss	 Accuracy	
Parallel	 0.14	 0.86	
Cross-polarized	 1	 0	

For the test set, the convolutional neural network based model can reconstruct the second 
channel with an accuracy of 0.86 as shown in Table 5-1, which is satisfying in a mean squared error 
perspective. However, the network failed to reconstruct the channel under the cross-polarized 
scenario. 

5.2.2 Second Solution 
Since the loss function here is a custom loss function, there is no clear vision of how the solution 
performs. Thus, the performance of the second solution is compared with a baseline algorithm 
which is proposed by Huawei Technology. Although, according to the Non-disclosure agreement, 
only the performance of the algorithm will be discussed. 

The basic idea of the baseline algorithm is to project the second precoder on the null space of 
the partial channel state information, which is similar to the input of the neural network. The 
accuracy measured here represents how many percents of capacity with predicted precoder can 
achieve compared to the system using ideal precoder. 

Accuracy = 1 −
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�O�U�,(
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�U���

 

 
Figure 5-7 Capacity Evaluation 

 
Table 5-2 Evaluation on the second solution 

Method	 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�O�U�,(/𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦�U��� 	
Baseline	 89.66%	
Machine	learning	 90.16%	
PMI	 84.51%	
As shown in the Table 5-2, all the methods are evaluated under the cross-polarized scenario. 

Machine learning method has the best performance against the baseline algorithm and simply apply 
PMI. However, the performance is only evaluated in single user case, which means there is no 
interference within the cell. Further development on the evaluation of multi-user case is needed. 

 

 

89.66% 

Baseline

0.9016

Machine Learning

0.8451

PMI
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5.3 Summary 
In this section, the learning curve during the training phase and the performance evaluation on the 
test set is discussed. For both of the models, the early stopping technique prevents the model from 
overfitting the dataset. Hence, for the second solution, the model stopped the training process 
within 4 epochs. Moreover, in Section 5.2, the detailed performance for the two models are 
presented. The first model provides a normalized mean squared error with 0.14, which gives an 
accuracy of 0.86. While for the second solution, since the loss function is custom, the performance 
of the model needs to be evaluated through a baseline algorithm. Compared to the baseline 
algorithm Huawei proposed, a machine learning method beats the performance with nearly 1% 
better than the baseline algorithm. In the next Section, a detailed conclusion will be discussed. Also, 
the limitation of this project and some further step will also be provided. 
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6 Conclusions 
6.1 Conclusions 
This project is proposed to solve the channel prediction problem under high-rank user equipment 
based on machine learning algorithms. At the very beginning, the key concept like MIMO, OFDM, 
and Beamforming is discussed as the basis of this project. In Section 3, methodologies applied in 
this project like preprocessing of the raw data, selection of the algorithms, activation function, and 
detailed calculation of the system capacity is discussed. Moreover, within this section, the key 
problem of this project is well formulated into a mathematical model. Then the problem is detailed 
validated with clear mathematical proof. As a consequence two machine learning model is proposed 
to solve the problems under different antenna configurations as shown in Figure	6-1. 

	

Figure 6-1 Antenna configurations 
In Section 4, two machine learning solutions to solve the channel prediction problem are proposed 
to solve this problem. Two different solutions are developed to solve this problem in different UE 
antenna configurations. The first solution uses a convolutional neural network to directly 
reconstruct the unknown channel from the existing channel under the scenario where UE antennas 
are in parallel. However, this solution suffers from the low correlation between the signals received 
on two UE antennas in the cross-polarized scenario. The second solution uses multilayer perception 
to minimize the difference between the capacity using ideal precoder and using predicted precoder. 
The key to this solution is the custom loss function which calculates the capacity of the system. By 
applying gradient descent algorithms, the difference is minimized through the adjustment of the 
weights and biases. Also, the second solution is a remedy for the first solution in the cross-polarized 
scenario. Two models together solve the problem perfectly within all UE antennas configurations 

6.2 Further works 
Despite the two solutions proposed above solves the problems. There are certain limitations to this 
work. 

At first, the model needs to be generalized through all the UE antenna configurations. For the 
sake of practicality, one single machine learning model is supposed to be working in all different 
scenarios. In this sense, a more combined dataset is needed in the training process to generalize the 
model. Also, a generalization of the model is not an easy task. A smart way to combine different 
dataset is needed. One potential way to combine them is through the high correlation property 
between different subcarriers. Since the second solution treats channel state information under 
different subcarriers as different observations, there is a potential loss of side information for the 
model. Hence, the performance may gain to combine several subcarriers together. 

Additionally, for the second solution, the loss function is super time consuming and 
complicated. Since all the channel state information is consisted of complex numbers, the 
calculation of the loss function needs to transfer them into complex number first and then calculate 
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the capacity. Moreover, there are several logarithm functions and fractions within the loss function, 
which makes it more difficult to calculate. Thus, one simplified loss function is needed to get 
efficiently executed. One potential solution is to calculate average channel state information 𝑅CC, 
instead of capacity. The process of calculating average channel state information is way easier than 
capacity. 

Finally, two solutions treated two subcarriers in a different way. Although, the most practical 
way is to combine 12 subcarriers together since they tend to have a high correlation between each 
other. This topic can be further extended to the RB level. 
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Appendix A: 3GPP model simulation for validation 

function [H1_return, H2_return] = generateHElement32BS(dtx_x, drx_u, 
drx_u2, epsilo1, epsilo2, epsilo_bs) 
% This function takes two spherical position vector as input. 
% The output is H element. 
% The simulation senario is 3D-UMa NLOS 
% C2 senario 
% Variables come from 3GPP section 7. 
delay_dis_factor = 2.3; 
% epsilo_bs = pi/4; 
cluster_shadow=3; 
Cfainlos = 1.289; 
Cthetanlos = 1.1918; 
faiaoa_los = 0; 
faiaod_los = 180-faiaoa_los; 
tzod_los = 100; 
tzoa_los = 180-tzod_los; 
Casa = 15; 
Casd = 2; 
Czsa = 7; 
d2D=10; 
hUT=1.5; 
mrays = 1; 
nclusters=1; 
% alpham corresponding to different ray numbers 
alpham = [0.0447,-0.0447,0.1413,-0.1413,0.2492,-0.2492,0.3715,-
0.3715,0.5129,-0.5129,0.6797,-0.6797,0.8844,-0.8844,1.1481,-1.1481,1.5195,-
1.5195,2.1551,-2.1551]; 
% lambda = speed_of_light/3.5GHz 
lambda = 0.0857; 
velocity = [0;0;1]; 
t = 1; 
% Random variable generation 
for iteration = 1:100 
     
    for n=1:nclusters 
        x(n) = rand; 
        DS(n) = 10^(sqrt(0.39^2)*randn(1)-6.44); 
        taon(n) = -delay_dis_factor*DS(n)*log(x(n)); 
        % Slant angle epsilo = +-45 degree 
        z(n) = sqrt(cluster_shadow^2)*randn(1); 
        ASA(n) = min(10^(sqrt(0.11^2)*randn(1)+1.87),104); 
        ASD(n) = min(10^(sqrt(0.28^2)*randn(1)+1.41),104); 
        ZSA(n) = min(10^(sqrt(0.16^2)*randn(1)+1.26),52); 
        ZSD(n) = min(10^(sqrt(0.49^2)*randn(1)+max(-0.5,-2.1*d2D/1000-
0.01*(hUT-1.5)+0.9)),52); 
        xaoa(n) = -1 + (rand>0.5)*2; 
        xaod(n) = -1 + (rand>0.5)*2; 
        xzoa(n) = -1 + (rand>0.5)*2; 
        xzod(n) = -1 + (rand>0.5)*2; 
        yaoa(n) = sqrt((ASA(n)/7)^2)*randn(1); 
        yaod(n) = sqrt((ASD(n)/7)^2)*randn(1); 
        yzoa(n) = sqrt((ZSA(n)/7)^2)*randn(1); 
        yzod(n) = sqrt((ZSD(n)/7)^2)*randn(1); 
        % Phase is two dimensional coresponding to #clusters and #rays 
        for m=1:mrays 
            k(n,m) = inv(10^((sqrt(3^2)*randn(1)+7)/10)); 
            phase1(n,m) = 2*pi*rand-pi; 
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            phase2(n,m) = 2*pi*rand-pi; 
            phase3(n,m) = 2*pi*rand-pi; 
            phase4(n,m) = 2*pi*rand-pi; 
        end 
         
    end 
    % Cluster power vector 
    taon=sort(taon-min(taon)); 
    p = exp(-taon*(delay_dis_factor-1)/(DS*delay_dis_factor)).*10.^(-z/10); 
    p = p/sum(p); 
     
    % Arrival ange and departure angle for both azimuth and elevation 
    % how to treat failos aoa/aod 
    faiaoa = 2*(ASA/1.4).*sqrt(-log(p/max(p)))/Cfainlos; 
    faiaoa = xaoa.*faiaoa+yaoa+faiaoa_los; 
     
    faiaod = 2*(ASD/1.4).*sqrt(-log(p/max(p)))/Cfainlos; 
    faiaod = xaod.*faiaod+yaod+faiaod_los; 
    % tzoa remains unknown like failos zoa/zod 
    thetazoa = -ZSA.*log(p/max(p))/Cthetanlos; 
    thetazoa = xzoa.*thetazoa+yzoa+tzoa_los; 
     
    thetazod = -ZSD.*log(p/max(p))/Cthetanlos; 
    thetazod = xzod.*thetazod+yzod+tzod_los-10^(-
0.62*log10(max(10,d2D))+1.93-0.09*(hUT-1.5)); 
    trans = pi/180; 
    % Get all the combinations for aoa/aod zoa/zod degree to radius 
    for n=1:nclusters 
        for m=1:mrays 
            faiaoafinal(n,m) = wraptoPi(faiaoa(n) + Casa*alpham(m)); 
            faiaodfinal(n,m) = wraptoPi(faiaod(n)+ Casd*alpham(m)); 
            thetazoafinal(n,m) = wraptoPi(thetazoa(n) + Czsa*alpham(m)); 
            thetazodfinal(n,m) = wraptoPi(thetazod(n) + (3/8*10^(max(-0.5,-
2.1*d2D/1000-0.01*(hUT-1.5)+0.9)))*alpham(m)); 
        end 
    end 
     
    % Receiver side 
    Aevrx = -min(12*((thetazoafinal-90)/(65)).^2, 30); 
    Aehrx = -min(12*((faiaoafinal)/(65)).^2, 30); 
    Arx = -min(-floor(Aevrx+Aehrx),30); 
    Ftheta_rx = sqrt(Arx)*cos(epsilo1); 
    Ffai_rx = sqrt(Arx)*sin(epsilo1); 
     
    Ftheta_rx2 = sqrt(Arx)*cos(epsilo2); 
    Ffai_rx2 = sqrt(Arx)*sin(epsilo2); 
    % Transmitter side 
    Aevtx = -min(12*((thetazodfinal-90)/(65)).^2, 30); 
    Aehtx = -min(12*((faiaodfinal)/(65)).^2, 30); 
    Atx = -min(-floor(Aevtx+Aehtx),30); 
    Ftheta_tx = sqrt(Atx)*cos(epsilo_bs); 
    Ffai_tx = sqrt(Atx)*sin(epsilo_bs); 
     
    Ftheta_tx2 = sqrt(Atx)*cos(epsilo_bs); 
    Ffai_tx2 = sqrt(Atx)*sin(epsilo_bs); 
    % for t=0:10 
    % Calculation of H 
    for i=1:nclusters 
        % Preparation the matrixes for the multiplication 
        for j=1:mrays 
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            Frx = [Ftheta_rx(i,j); 
                Ffai_rx(i,j) 
                ]'; 
            Frx2 = [Ftheta_rx2(i,j); 
                Ffai_rx2(i,j) 
                ]'; 
            phase = [exp(1i*phase1(i,j)), sqrt(k(i,j))*exp(1i*phase2(i,j)); 
                sqrt(k(i,j))*exp(1i*phase3(i,j)), exp(1i*phase4(i,j)) 
                ]; 
            Ftx = [Ftheta_tx(i,j); 
                Ffai_tx(i,j) 
                ]; 
            Ftx2 = [Ftheta_tx2(i,j); 
                Ffai_tx2(i,j) 
                ]; 
            % Spherical unit verctor with azimuth arrival anglee and 
elevation arrival 
            % angle 
            % rrxnm'*drx_u is the distance verctor projection on each ray 
            % in each cluster 
            rrxnm = 
[sin(thetazoafinal(i,j)*trans).*cos(faiaoafinal(i,j)*trans); 
                sin(thetazoafinal(i,j)*trans).*sin(faiaoafinal(i,j)*trans); 
                cos(thetazoafinal(i,j)*trans) 
                ]; 
            rtxnm = 
[sin(thetazodfinal(i,j)*trans).*cos(faiaodfinal(i,j)*trans); 
                sin(thetazodfinal(i,j)*trans).*sin(faiaodfinal(i,j)*trans); 
                cos(thetazodfinal(i,j)*trans) 
                ]; 
            beta1(i,j)=(Frx*phase*Ftx); 
            beta2(i,j)=(Frx2*phase*Ftx2); 
            Husn(i,j) = sqrt(p(i)/mrays)* 
beta1(i,j)*exp(1i*2*pi*1/lambda.*rrxnm'*drx_u)*exp(1i*2*pi*1/lambda.*rtxnm'
*dtx_x)*exp(1i*2*pi*rrxnm'*velocity/lambda*t); 
            Husn2(i,j) = 
sqrt(p(i)/mrays)*beta2(i,j)*exp(1i*2*pi*1/lambda.*rrxnm'*drx_u2)*exp(1i*2*p
i*1/lambda.*rtxnm'*dtx_x)*exp(1i*2*pi*rrxnm'*velocity/lambda*t); 
        end 
    end 
    H1(:,iteration)=sum(Husn, 2); 
    H2(:,iteration)=sum(Husn2, 2); 
    %end  
end 
H1_return = mean(H1,'all'); 
H2_return = mean(H2,'all'); 
%for row=1:nclusters 
%    R = abs(corrcoef(H1(row,:),H2(row,:))); 
%    correlation(row) = R(1,2); 
%end 
%correlation_return=mean(correlation); 
end 
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Appendix B: Machine learning model 

First Solution 
import os 
import matplotlib.pyplot as plt 
import pandas as pd 
import numpy as np 
import sklearn.preprocessing as prep 
import tensorflow as tf 
import keras 
from keras.models import Sequential 
import keras.layers as layers 
from keras.callbacks import LearningRateScheduler, EarlyStopping, 
ModelCheckpoint, ReduceLROnPlateau 
from keras import optimizers 
from keras.models import load_model 
import keras.backend as K  
 
# Dataset comes from ./data/*_input_para.mat ./data/*_input is cross 
polarized case 
input = np.load('input_para.npy') 
output = np.load('output_para.npy') 
 
from sklearn.model_selection import train_test_split 
xTrain, xTest, yTrain, yTest = train_test_split(input, output, test_size = 
0.2, random_state = 0) 
 
def udLoss(yTrue, yPred): 
    H_Hat_real = 
K.sum(K.batch_flatten(yPred[:,:,:,0])*K.batch_flatten(yTrue[:,:,:,0]),axis=
1) 
    H_Hat_img = 
K.sum(K.batch_flatten(yPred[:,:,:,1])*K.batch_flatten(yTrue[:,:,:,1]),axis=
1) 
    H_H_real = 
K.sum(K.batch_flatten(yTrue[:,:,:,0])*K.batch_flatten(yTrue[:,:,:,0]),axis=
1) 
    H_H_img = 
K.sum(K.batch_flatten(yTrue[:,:,:,1])*K.batch_flatten(yTrue[:,:,:,1]),axis=
1) 
    Hhat_Hhat_real = 
K.sum(K.batch_flatten(yPred[:,:,:,0])*K.batch_flatten(yPred[:,:,:,0]),axis=
1) 
    Hhat_Hhat_img = 
K.sum(K.batch_flatten(yPred[:,:,:,1])*K.batch_flatten(yPred[:,:,:,1]),axis=
1) 
    return K.sqrt(1-
K.mean(K.square(H_Hat_real+H_Hat_img)/(H_H_real+H_H_img)/(Hhat_Hhat_real+Hh
at_Hhat_img))) 
 
def udAccuracy(yTrue, yPred): 
    return 1-udLoss(yTrue, yPred) 
 
def udMeanSquaredError(yTrue, yPred): 
    yTrue = K.batch_flatten(yTrue) 
    yPred = K.batch_flatten(yPred) 
    numerator = K.mean(K.square(yTrue-yPred),axis=1) 
    denominator = K.mean(K.square(yTrue),axis=1) 
    return K.mean(numerator/denominator) 
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def setTFGPUmemory(fraction=1.0): 
    config = tf.ConfigProto() 
    config.gpu_options.per_process_gpu_memory_fraction = fraction 
    K.tensorflow_backend.set_session(tf.Session(config=config)) 
 
def setOnGPU(): 
    os.environ["CUDA_DEVICE_ORDER"] = "PCI_BUS_ID"   # see issue #152 
    os.environ["CUDA_VISIBLE_DEVICES"] = "" 
     
setTFGPUmemory(0.4) 
setOnGPU() 
 
def reset_graph(seed=42): 
    tf.reset_default_graph() 
    tf.set_random_seed(seed) 
    np.random.seed(seed) 
 
K.clear_session() 
reset_graph() 
input_mat_x = keras.layers.Input(shape=(64, 144, 2)) 
#add model layers 
model_encode_x = layers.Conv2D(8, (3, 3), activation='linear', 
padding='same', name='encode_x_1')(input_mat_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
model_encode_x = layers.MaxPooling2D((2, 2), 
padding='same')(model_encode_x) 
model_encode_x = layers.Conv2D(64, (3, 3), 
activation='linear',padding='same',name='encode_x_2')(model_encode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
model_encode_x = layers.MaxPooling2D((2, 2), 
padding='same')(model_encode_x) 
model_encode_x = layers.Conv2D(128, (3, 3), 
activation='linear',padding='same',name='encode_x_3')(model_encode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
 
model_encode_x = layers.Conv2D(256, (3, 3), 
activation='linear',padding='same',name='encode_x_9')(model_encode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
model_encode_x = layers.Conv2D(128, (3, 3), 
activation='linear',padding='same',name='encode_x_4')(model_encode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
model_encode_x = layers.UpSampling2D((2, 2))(model_encode_x) 
model_encode_x = layers.Conv2D(64, (3, 3), 
activation='linear',padding='same',name='encode_x_5')(model_encode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
model_encode_x = layers.Conv2D(32, (3, 3), 
activation='linear',padding='same',name='encode_x_6')(model_encode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
model_decode_x = layers.UpSampling2D((2, 2))(model_encode_x) 
model_encode_x = layers.Conv2D(16, (3, 3), 
activation='linear',padding='same',name='encode_x_7')(model_encode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_encode_x = layers.LeakyReLU(alpha=0.1)(model_encode_x) 
model_decode_x = layers.UpSampling2D((2, 2))(model_encode_x) 
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model_decode_x = layers.Conv2D(8, (3, 3), 
activation='linear',padding='same',name='encode_x_8')(model_decode_x) 
#model_encode_x = layers.BatchNormalization()(model_encode_x) 
model_decode_x = layers.LeakyReLU(alpha=0.1)(model_decode_x) 
model_decode_x = layers.Conv2D(2, (3, 3), 
activation='linear',padding='same',name='decode_x_1')(model_decode_x) 
#model_decode_x = layers.BatchNormalization()(model_decode_x) 
model_decode_x = layers.LeakyReLU(alpha=0.1)(model_decode_x) 
  
model_x = keras.models.Model(input_mat_x, model_decode_x) 
 
 
from keras.models import load_model 
#model_x.load_weights('model_cnn.h5', by_name=True) 
#model_x.load_weights('model_dense.h5', by_name=True) 
es = keras.callbacks.EarlyStopping(monitor='val_loss') 
# no_over means no overfitting by applying earlystopping 
tb = keras.callbacks.TensorBoard(log_dir='./logs_cnn_no_over', 
histogram_freq=0, batch_size=128,update_freq='epoch') 
model_x.compile(loss=udMeanSquaredError, 
optimizer=keras.optimizers.Adam(lr=0.001), metrics=[udAccuracy]) 
model_x.fit(xTrain, yTrain, epochs=50, batch_size = 128, verbose=1, 
validation_split=0.1, callbacks=[tb]) 
model_x.save_weights('model_complete.h5') 
 
print(model_x.metrics_names) 
score_i = model_x.evaluate(xTest, yTest, verbose=1) 
print('Test score Loss:', score_i[0]) 
print('Test score Acc:', score_i[1]) 
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Second Solution 
import os 
import matplotlib.pyplot as plt 
import pandas as pd 
import numpy as np 
import sklearn.preprocessing as prep 
from sklearn.decomposition import PCA 
import tensorflow as tf 
import keras 
from keras.models import Sequential 
import keras.layers as layers 
from keras.callbacks import LearningRateScheduler, EarlyStopping, 
ModelCheckpoint, ReduceLROnPlateau 
from keras import optimizers 
from keras.models import load_model 
import keras.backend as K  
 
 
## import files data_pmi is for single user, data_multi_train is for multi 
user 
import h5py 
inputFile = h5py.File('./data_pmi/1_input.mat', 'r') 
input = inputFile['input'] 
input = np.array(input) 
input = input.transpose(0,2,1) 
precoderFile = h5py.File('./data_pmi/1_pmi_weight.mat', 'r') 
precoder = precoderFile['Pmitrans'] 
precoder = np.array(precoder) 
precoder = precoder.transpose(0,3,2,1) 
outputFile = h5py.File('./data_pmi/1_output.mat', 'r') 
output = outputFile['output'] 
output = np.array(output) 
output = output.transpose(0,2,1) 
idealPrecoderFile = h5py.File('./data_pmi/1_precoder_ideal.mat', 'r') 
precode_ideal = idealPrecoderFile['Ptrans'] 
precode_ideal = np.array(precode_ideal) 
precode_ideal = precode_ideal.transpose(0,3,2,1) 
baselinePrecoderFile = h5py.File('./data_pmi/BL_precoder.mat', 'r') 
precode_BL = baselinePrecoderFile['output_weight'] 
precode_BL = np.array(precode_BL) 
precode_BL = precode_BL.transpose(0,3,2,1) 
rhhFile = h5py.File('./data_pmi/rhh.mat', 'r') 
rhh = rhhFile['vtrans'] 
rhh = np.array(rhh) 
rhh = rhh.transpose(0,3,2,1) 
 
# Type transfer to avoid type inconsistancy 
input=input.astype(np.float32) 
output=output.astype(np.float32) 
precode=precode.astype(np.float32) 
precode_ideal=precode_ideal.astype(np.float32) 
rhh=rhh.astype(np.float32) 
#precode_BL=precode_BL.astype(np.float32) 
 
# Construct Input 
input1=np.zeros((1440000,32,4,2)) 
input1[:,:,0:1,:]=rhh 
input1[:,:,1,:]=precode[:,:,1,:] 
input1[:,:,3,:]=output 
input1[:,:,2,:]=input 
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#np.save('./data_pmi/input_norm.npy',input_norm) 
#np.save('./data_pmi/precode_norm.npy',precode_norm) 
#np.save('./data_pmi/precode_ideal_norm.npy',precode_ideal_norm) 
 
# Use 80% for training and testing to speed up last 10th batch also used 
for testing  
input2=input1[0:1152000,:,:,:] 
precode_ideal2=precode_ideal[0:1152000,:,:,:] 
 
# Random split the dataset 
from sklearn.model_selection import train_test_split 
xTrain, xTest, yTrain, yTest = train_test_split(input2, precode_ideal2, 
test_size = 0.2, random_state = 0) 
 
# Loss funcitons 
 
def log2(x): 
    numerator = tf.log(x) 
    denominator = tf.to_complex128(tf.log(tf.constant(2, 
dtype=numerator.dtype))) 
    return numerator / denominator 
 
def udCapError(yTrue, yPred): 
    h1_real = yPred[:,:,2,0] 
    h1_img = yPred[:,:,2,1] 
    h2_real = yPred[:,:,3,0] 
    h2_img = yPred[:,:,3,1] 
    p1_real = yPred[:,:,0,0] 
    p1_img = yPred[:,:,0,1] 
    p2_real = yPred[:,:,1,0] 
    p2_img = yPred[:,:,1,1] 
    p1_true_real = yTrue[:,:,0,0] 
    p1_true_img = yTrue[:,:,0,1] 
    p2_true_real = yTrue[:,:,1,0] 
    p2_true_img = yTrue[:,:,1,1] 
     
    h1=tf.complex(h1_real,h1_img) 
    h2=tf.complex(h2_real,h2_img) 
    p1=tf.complex(p1_real,p1_img) 
    p2=tf.complex(p2_real,p2_img) 
    p1_true=tf.complex(p1_true_real,p1_true_img) 
    p2_true=tf.complex(p2_true_real,p2_true_img) 
     
    h=tf.stack([h1,h2],axis=2) 
    p=tf.stack([p1,p2],axis=2) 
    p_true=tf.stack([p1_true,p2_true],axis=2) 
     
    npow = 1/(10**5) 
     
    #rng=yTrue.shape[0] 
    rng=32 
    cap_true=0 
    cap_pred=0 
     
    for i in range(0, rng): 
        su_weight = 
tf.to_complex128(p[i,:,:])*tf.to_complex128(tf.sqrt(32+0j))/ 
tf.to_complex128(tf.norm(p[i,:,:],ord='fro', axis=(0,1))) 
        su_weight_ideal = 
tf.to_complex128(p_true[i,:,:])*tf.to_complex128(tf.sqrt(32+0j))/ 
tf.to_complex128(tf.norm(p_true[i,:,:],ord='fro', axis=(0,1))) 
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        Heff = 
tf.matmul(tf.to_complex128(tf.transpose(h[i,:,:])),su_weight) 
        Heff_ideal = 
tf.matmul(tf.to_complex128(tf.transpose(h[i,:,:])),su_weight_ideal) 
         
        Ryy = 
tf.to_complex128(tf.matmul(Heff,tf.transpose(Heff,conjugate=True)))+tf.to_c
omplex128(npow*tf.eye(2)) 
        Ryy_ideal = 
tf.to_complex128(tf.matmul(Heff_ideal,tf.transpose(Heff_ideal,conjugate=Tru
e)))+tf.to_complex128(npow*tf.eye(2)) 
        Ruu = 
tf.matmul(tf.transpose(tf.matmul(tf.linalg.inv(Ryy),Heff),conjugate=True),H
eff) 
        Ruu_ideal = 
tf.matmul(tf.transpose(tf.matmul(tf.linalg.inv(Ryy_ideal),Heff_ideal),conju
gate=True),Heff_ideal) 
         
        inter=tf.math.real(tf.linalg.diag_part(Ruu)/(tf.to_complex128(1)-
tf.linalg.diag_part(Ruu))) 
        
inter_ideal=tf.math.real(tf.linalg.diag_part(Ruu_ideal)/(tf.to_complex128(1
)-tf.linalg.diag_part(Ruu_ideal))) 
         
        tem_cap = 
tf.reduce_sum(log2(tf.to_complex128(1)+tf.to_complex128(inter))) 
        tem_cap_ideal = 
tf.reduce_sum(log2(tf.to_complex128(1)+tf.to_complex128(inter_ideal))) 
         
        cap_pred+=tem_cap 
        cap_true+=tem_cap_ideal 
 
     
    return tf.to_float(K.abs((cap_true-cap_pred)/cap_true)) 
# GPU setup 
def setTFGPUmemory(fraction=1.0): 
    config = tf.ConfigProto() 
    config.gpu_options.per_process_gpu_memory_fraction = fraction 
    K.tensorflow_backend.set_session(tf.Session(config=config)) 
 
def setOnGPU(): 
    os.environ["CUDA_DEVICE_ORDER"] = "PCI_BUS_ID"   # see issue #152 
    os.environ["CUDA_VISIBLE_DEVICES"] = "0" 
     
setTFGPUmemory(0.4) 
setOnGPU() 
 
 
# MLP construction 
 
 
def reset_graph(seed=42): 
    tf.reset_default_graph() 
    tf.set_random_seed(seed) 
    np.random.seed(seed) 
K.clear_session() 
reset_graph() 
 
def takePortion(tensor): 
    temp1=tf.expand_dims(tensor[:,:,2,:],2) 
    temp2=tf.expand_dims(tensor[:,:,1,:],2) 
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    reTensor = K.concatenate([temp1,temp2],axis=2) 
    return reTensor 
 
def takePortion2(tensor): 
    return tensor[:,:,2:4,:] 
 
def conLayers(tensor): 
    tensor1=tensor[0] 
    tensor2=tensor[1] 
    return K.concatenate([tensor1,tensor2],axis=2) 
 
input_mat = keras.layers.Input(shape=(32,4,2)) 
#add model layers 
model_dense = layers.Lambda(takePortion)(input_mat) 
model_bypass = layers.Lambda(takePortion2)(input_mat) 
model_dense = layers.Flatten()(model_dense) 
model_dense = layers.Dense(256, 
activation='linear',name='dense_1')(model_dense) 
#model_dense = layers.BatchNormalization()(model_dense) 
model_dense = layers.LeakyReLU(alpha=0.1)(model_dense) 
model_dense = layers.Dense(128, 
activation='linear',name='dense_4')(model_dense) 
#model_dense = layers.BatchNormalization()(model_dense) 
model_dense = layers.LeakyReLU(alpha=0.1)(model_dense) 
model_dense = layers.Reshape((32, 2, 2))(model_dense) 
model_dense = layers.Lambda(conLayers)([model_dense,model_bypass]) 
 
model = keras.models.Model(input_mat, model_dense)     
model.compile(loss=udCapError, optimizer=keras.optimizers.Adam(lr=0.001)) 
#from keras.models import load_model 
#model.load_weights('model_new.h5') 
es = keras.callbacks.EarlyStopping(monitor='val_loss') 
tb = keras.callbacks.TensorBoard(log_dir='./logs_ann_final', 
histogram_freq=0, batch_size=32,update_freq='epoch') 
model.fit(input2, precode_ideal2, epochs=100, batch_size = 32, verbose=1, 
validation_split=0.2, callbacks=[es,tb]) 
model.save_weights('model_more_instances.h5') 
 
output=model.predict(input1) 
output_test=model.predict(xTest) 
 
# Manually Evaluate because useing build in function is too slow 
def udCapError_eva(yTrue, yPred): 
    h1_real = yPred[:,:,2,0] 
    h1_img = yPred[:,:,2,1] 
    h2_real = yPred[:,:,3,0] 
    h2_img = yPred[:,:,3,1] 
    p1_real = yPred[:,:,0,0] 
    p1_img = yPred[:,:,0,1] 
    p2_real = yPred[:,:,1,0] 
    p2_img = yPred[:,:,1,1] 
    p1_true_real = yTrue[:,:,0,0] 
    p1_true_img = yTrue[:,:,0,1] 
    p2_true_real = yTrue[:,:,1,0] 
    p2_true_img = yTrue[:,:,1,1] 
     
    h1=tf.complex(h1_real,h1_img) 
    h2=tf.complex(h2_real,h2_img) 
    p1=tf.complex(p1_real,p1_img) 
    p2=tf.complex(p2_real,p2_img) 
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    p1_true=tf.complex(p1_true_real,p1_true_img) 
    p2_true=tf.complex(p2_true_real,p2_true_img) 
     
    h=tf.stack([h1,h2],axis=2) 
    p=tf.stack([p1,p2],axis=2) 
    p_true=tf.stack([p1_true,p2_true],axis=2) 
     
    npow = 1/(10**5) 
    # Need to fix this to automatically detect the batchsize 
    rng=yTrue.shape[0] 
    #rng=32 
    cap_true=0 
    cap_pred=0 
     
    for i in range(0, rng): 
        su_weight = 
tf.to_complex128(p[i,:,:])*tf.to_complex128(tf.sqrt(32+0j))/ 
tf.to_complex128(tf.norm(p[i,:,:],ord='fro', axis=(0,1))) 
        su_weight_ideal = 
tf.to_complex128(p_true[i,:,:])*tf.to_complex128(tf.sqrt(32+0j))/ 
tf.to_complex128(tf.norm(p_true[i,:,:],ord='fro', axis=(0,1))) 
        Heff = 
tf.matmul(tf.to_complex128(tf.transpose(h[i,:,:])),su_weight) 
        Heff_ideal = 
tf.matmul(tf.to_complex128(tf.transpose(h[i,:,:])),su_weight_ideal) 
         
        Ryy = 
tf.to_complex128(tf.matmul(Heff,tf.transpose(Heff,conjugate=True)))+tf.to_c
omplex128(npow*tf.eye(2)) 
        Ryy_ideal = 
tf.to_complex128(tf.matmul(Heff_ideal,tf.transpose(Heff_ideal,conjugate=Tru
e)))+tf.to_complex128(npow*tf.eye(2)) 
        Ruu = 
tf.matmul(tf.transpose(tf.matmul(tf.linalg.inv(Ryy),Heff),conjugate=True),H
eff) 
        Ruu_ideal = 
tf.matmul(tf.transpose(tf.matmul(tf.linalg.inv(Ryy_ideal),Heff_ideal),conju
gate=True),Heff_ideal) 
         
        inter=tf.math.real(tf.linalg.diag_part(Ruu)/(tf.to_complex128(1)-
tf.linalg.diag_part(Ruu))) 
        
inter_ideal=tf.math.real(tf.linalg.diag_part(Ruu_ideal)/(tf.to_complex128(1
)-tf.linalg.diag_part(Ruu_ideal))) 
         
        tem_cap = 
tf.reduce_sum(log2(tf.to_complex128(1)+tf.to_complex128(inter))) 
        tem_cap_ideal = 
tf.reduce_sum(log2(tf.to_complex128(1)+tf.to_complex128(inter_ideal))) 
         
        cap_pred+=tem_cap 
        cap_true+=tem_cap_ideal 
     
    return tf.to_float(K.abs((cap_true-cap_pred)/cap_true)) 
 
# Evaluate one observation is way faster, detailed evaluation is in matlab 
a=udCapError_eva(precode_ideal[1000000:1000001,:,:,:], 
output[1000000:1000001,:,:,:]) 
with tf.Session() as sess:      
           print(sess.run(a)) 
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# Output to matlab 
np.save('./data_pmi/output_norm.npy',output) 
import scipy.io as sio 
sio.savemat('output_precoder_new.mat', {'output':output}) 
 
 
 
 
 

 



 

	
	

TRITA-EECS-EX-2019:257 

www.kth.se 


