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Abstract 

Nowadays, Energy Efficiency (EE) is a very significant indicator for MIMO system from 
green communication perspective. We initially formulate an optimization problem 
regarding the EE. However, running such a traditional algorithm will spend much time, 
which can’t suit the frequently changing channel state information. In this paper, we 
implement a deep learning model to fit a traditional algorithm regarding maximizing EE. 
In detail, a deep learning model, which is deep neural network (DNN) structure in our 
paper, has been trained to learn the map between the channel state information (CSI) 
and optimal power allocation for each data stream of each user. We find that applying 
the deep learning model can remarkably reduce the running time to solve the 
optimization problem compared to the traditional algorithm. The numerical results also 
show that our deep learning model can guarantee very high accuracy to find the optimal 
power allocation compared to the traditional algorithm. 
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1. Introduction 

Because of the rapid growth of the number of smart devices and the demand for user’s experience, 

the transmission rate and coverage area of the wireless communication system also show an 

exponential growth trend. To achieve this, the energy consumption associated with the growing 

number of the base stations (BSs) users has also risen sharply, it resulted in a large amount of 

greenhouse gas emission and high operational expenditure. Therefore, green communication aiming 

at maximizing energy-efficiency (EE) which is defined as the number of bits transmitted per Joule 

has become a major criterion of wireless communication designing [1]. Massive multiuser (MU) 

multi-input multi-output (MIMO) technique can be used to carry out a significant increase in EE [2]. 

In such systems, given that many optimization problems are non-convexity, the optimization design 

of the precoding matrix of the interference channel is mathematically challenging [3]. 
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There is much work that has been done to maximize EE by designing precoding matrices. In [4], an 

optimization algorithm for MIMO downlink systems based on zero forcing (ZF) precoding is 

proposed. In [5], maximum rate transmission (MRT) precoding is used to obtain accurate analysis 

results of attainable EE. Another approach to maximize EE is power allocation. [6] proposes a power 

allocation method between beamforming training and data signals to maximize the EE in downlink 

channels and [7] introduces the power allocation problem of a robust joint transmitter and receiver 

for downlink MIMO transmission. 

In recent years, deep learning technologies with deep neural network (DNN) structure have various 

applications in engineering areas including the communication field. This research in [8] has proved 

that DNN has abilities to learn rich patterns and approximate arbitrary function mappings. So, we can 

introduce deep learning techniques into the work regarding optimizing EE. When deep learning was 

introduced to the [9] in signal detection, this method shows good accuracy and low computational 

complexity. Because the computational complexities of many interference management algorithms 

in MIMO communication systems are relatively high while the actual wireless communication 

changes frequently, these traditional algorithms are difficult to satisfy practical requirements. The 

deep learning method is used to fit the input-output relations of given algorithms, and DNN is used 

to approximate these complex algorithms [10]. Finally, the concrete operation time can be greatly 

improved, meeting the application requirements of the actual communication system. 

In this paper, machine learning is usually considered to optimize the computing time. First of all, a 

water-filling algorithm based on multi-cell MIMO system to maximize EE by power allocation can 

be obtained in [11]. Based on this, ZF precoding can be added to realize the elimination of interference 

among intra-cell users [12] and grouping-based IA solution [13] is capable of eliminating inter-cell 

interferences. Consequently, the system can be simplified to a single cell for analysis. Then, the 

algorithm is simulated and its computational complexity and running time are calculated. The 

algorithm is fitted by deep learning, and the input-output relationship is trained to approximate the 

algorithm. 

The rest of the paper is organized as follows. The system model and problem formulation are given 

in Section 2. In Section 3, we introduce a traditional algorithm of power allocation. In Section 4, a 

deep learning model for the traditional algorithm is proposed. Performance evaluation is provided In 

Section 5, and conclusions are drawn in Section 6. 

2. System Model 

We consider a down-link single-cell MIMO system. There are K users in the cell and BS has 𝑁𝑡 
antennas with each user having 𝑁𝑟 antennas. The number of data stream transmitted at BS is 𝑑𝑠 and 

𝑑𝑠 ≤ 𝑁𝑟 . To simplify our system model, we assume that 𝑑𝑠 = 𝑁𝑟 , which means the number of 

receiving antennas is equal to that of data streams, a simple receiver is considered and there is a 

corresponding relation between 𝑙𝑡ℎ data stream at the transmitter and 𝑙𝑡ℎ antenna at the receiver. In 

transmitter, the signal transmitted from BS to the 𝑘𝑡ℎ user is shown as follow: 

 

𝑥𝑘 = ∑ 𝑇𝑘
𝑖𝑠𝑘
𝑖 𝑝𝑘

𝑖 = 𝑇𝑘𝑠𝑘⊙𝑃𝑘
𝑑𝑠
𝑖=1

                         (1) 

 

where 𝑠𝑘 ∈ 𝐶
𝑑𝑠
×1

 is the signal symbol matrix. We allocate different power in different data stream 

i and 𝑃𝑘 = [√𝑝𝑘
1, √𝑝𝑘

2, ⋯√𝑝𝑘
𝑑𝑠]. ⊙ indicates the Hadamard product which is the product of the 

corresponding elements between two matrices with the same row number and column number. 

 𝑉𝑘 ∈ 𝐶
𝑁𝑡
×𝑑𝑠 is a beamforming matrix in the transmitter because we assume that the channel state 

information (CSI) can be provided to the transmitter. So, the received signal can be expressed by: 
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𝑦𝑘 = 𝐻𝑘𝑥𝑘 + 𝑛𝑘                                 (2) 

 

where 𝐻𝑘 ∈ 𝐶
𝑁𝑡
×𝑁𝑟  is the channel matrix. The channel is assumed to be independent and identically 

distributed (i.i.d.) complex Gaussian random variables, i.e.  ℎ𝑘~𝐶𝑁(0,1) . 

In a traditional network, the receiver knows CSI so that we also implement the beamformer in the 

receiver. The final signal after the received beamformer is shown as following: 

 

𝑦
𝑘
= 𝑈𝑘𝐻𝑘𝑉𝑘𝑠𝑘⊙𝑃𝑘 + 𝑈𝑘𝑛𝑘                          (3) 

 

To express power in EE, we use the following linear power model: 

 

𝑃 = 휁𝑃𝑇 + 𝑃𝑐                                 (4) 

 

where 휁 is the reciprocal of drain efficiency of the power amplifier, 𝑃𝑇 is the transmission power 

which is restricted by the maximum power in the transmitter, 𝑃𝑐 is circuit power consumption which 

is a constant value in our model. 

The received signal of the 𝑘𝑡ℎ user is  

 

𝑟(𝑘) = 𝐻(𝑘)∑ 𝑇(𝑖)𝑏(𝑖) + 𝑛(𝑘)𝐾
𝑖=1                          (5) 

 

in which, 𝑏(𝑖)  is a 𝐿𝑘 × 1  vector, and 𝐿(𝑘)  is the number of symbols that are transmitted 

simultaneously. So, we have two kinds of interference on the channel: 

1) Interference among users 

2) Interference among channels of a single user 

2.1 Interference Among Users 

We assume the precoding matrix as (𝑇(1), 𝑇(2), . . . , 𝑇(𝐾)), each 𝑇(𝑘) represents the precoding matrix 

for user k. To eliminate interference among users, that is to make 

 

{

�̇�(1)∑ 𝑇(𝑖)𝑏(𝑖) + 𝑛(𝑘)𝐾
𝑖=1,𝑖≠1 = 0

𝐻(2)∑ 𝑇(𝑖)𝑏(𝑖) + 𝑛(𝑘)𝐾
𝑖=1,𝑖≠2 = 0

𝐻(𝐾) ∑ 𝑇(𝑖)𝑏(𝑖) + 𝑛(𝑘)𝐾
𝑖=1,𝑖≠𝐾 = 0

                       (6) 

 

in which, 𝑏(𝑖) is arbitrary data vector, so 𝑇(𝑘), which is the precoding matrix of user k, needs to meet 

{
 
 

 
 
  �̇�(1)𝑇(𝐾) = 0
𝐻(𝐾−1)𝑇(𝑘) = 0
𝐻(𝐾+1)𝑇(𝑘) = 0
             ⋯
  𝐻(𝐾)𝑇(𝑘) = 0

                              (7) 

 

Then, we let the 𝑏(𝑖) column of 𝑇(𝑘) 𝑡𝑛
(𝑘)

. To meet the requirements in (7), 𝑡𝑛
(𝑘)

 should be in the 

kernel of all the channel matrixes of other users, that is 𝑡𝑛
(𝑘) ∈∩𝑖=1,𝑖≠𝑘

𝐾 𝑘𝑒𝑟(𝐻(𝑖)). To guarantee the 
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existence of such 𝑇(𝑘) , the number of transmit antennas M should meet this requirement: 𝑀 >
𝑚𝑎𝑥∑ 𝑁𝑖

𝐾
𝑖=1,𝑖≠𝑘 , in which 𝑁𝑖 is the number of antennas of the 𝑖𝑡ℎ user. 

Then, we let 𝑉(𝑘) = (𝑣1
(𝑘)
, 𝑣2

(𝑘)
, . . . , 𝑣𝑛𝑘

(𝑘)
) be an orthonormal basis of sub place ∩𝑖=1,𝑖≠𝑘

𝐾 𝑘𝑒𝑟(𝐻(𝑖)). 

In this way, all 𝑇(𝑘) can be expressed as 𝑉(𝑘)𝐴(𝑘) in which   𝐴(𝑘) is a 𝑛𝑘 × 𝐿𝑘 matrix to eliminate 

interference among channels of a single-user MIMO. So, in this step, we separate the interference 

among users to be merely dealt by 𝑉(𝑘). 

Now, we can compute 𝑉(𝑘) by applying SVD to channel matrix H: 

 

[
 
 
 
 
  𝐻

(1)

   ⋯
𝐻(𝑘−1)

𝐻(𝑘+1)

   ⋯
 𝐻(𝐾) ]

 
 
 
 
 

= [�̃�(𝐾)  𝑈(𝐾)] [
∑   0
 0   0

] [�̃�
(𝐾)

𝑉(𝐾)
]                       (8) 

 

In this way, we obtain 𝑉(𝑘), which is a 𝑀 × 𝑛𝑘  matrix, in which  𝑛𝑘 = 𝑀 − ∑ 𝑁𝑖
𝐾
𝑖=1,𝑖≠𝑘 . Now we 

can rewrite the received signal of the 𝑘𝑡ℎ user as 

 

𝑟(𝑘) = 𝐻(𝑘)𝑉(𝑘)𝐴(𝑘)𝑏(𝑘) + 𝑛(𝑘)                         (9) 

 

If we treat 𝐻(𝑘)𝑉(𝑘) as the channel matrix for user k, the system becomes a typical single-user MIMO 

system since 𝐻(𝑘)𝑉(𝑘)  is an 𝑁𝑘 × 𝑛𝑘  matrix, in which elements are also of zero-mean complex 

Gaussian random distributed. 

2.2 Interference Among Channels of a Single User 

For the 𝑘𝑡ℎ user, we apply SVD to 𝐻(𝑘)𝑉(𝑘): 𝐻(𝑘)𝑉(𝑘) = 𝑈(𝑘)∑(𝑘)𝑉′(𝑘)𝐻. In this case, we make 

𝐴(𝑘) = 𝑉′(𝑘), and we add matrix 𝑈(𝑘)𝐻 at the receiver side, so we have: 

 

𝑟(𝑘) = 𝑈(𝑘)𝐻𝑈(𝑘)𝛴(𝑘)𝑉′(𝑘)𝐻𝑉′(𝑘)𝑏(𝑘) + 𝑛(𝑘) = 𝛴(𝑘)𝑏(𝑘) + 𝑛(𝑘)           (10) 

 

In this case, the interference among channels is also eliminated. So, the final precoding matrix to the 

𝑘𝑡ℎ user is: 

𝑇(𝑘) = 𝑉(𝑘)𝑉′(𝑘)                              (11) 

 

in which 𝑉(𝑘) is the orthonormal basis we obtain from doing SVD to the overall channel matrix H, 

while 𝑉′(𝑘) is the orthonormal matrix we get by doing SVD to the equivalent single user MIMO 

channel 𝐻(𝑘)𝑉(𝑘). 

2.3 Problem Formulation 

After applying ZF and SVD, the interference has been eliminated. Consequently, the capacity of the 

𝑘𝑡ℎ user is: 

𝑟𝑘 = ∑ 𝐵𝑙𝑜𝑔2 (1 + 𝑝𝑘
𝑖 𝑑𝑘

𝛼𝛾𝑘
𝑖

𝜎2
)

𝑑𝑠
𝑖=1                          (12) 

 

Where B is the transmission bandwidth. Now we can formulate our optimization problem: 
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𝑚𝑎𝑥𝐸𝐸(𝑝𝑘
𝑖 ≥ 0) =

∑ 𝑇𝑘
𝐾
𝑘=1

𝜍 ∑ ∑ 𝑝𝑘
𝑖 +𝑃𝑐

𝑑𝑠
𝑖=1

𝐾
𝑘=1

                       (13) 

𝑠. 𝑡.

{
 
 

 
 
∑ ∑𝑝𝑘

𝑖 ≤ 𝑃𝑚𝑎𝑥

∑𝑑𝑠

𝑖=1

𝐾

𝑘=1

∑ 𝑟𝑘
𝐾

𝑘=1
≤ 𝛿𝑚𝑖𝑛

 

 

where 𝑃𝑚𝑎𝑥  and 𝛿𝑚𝑖𝑛  are the maximum power in the transmitter and the smallest throughput 

requirement for the cell respectively. 

[11] has proposed an algorithm to solve the problem we have formulated in the previous section. 

What we are going to do is to fit this traditional algorithm by deep learning model to reduce the 

complexity and running time. The training data of our deep-learning model will be generated by 

running the traditional algorithm. (We will further discuss it in the following sections.  

3. Traditional Algorithm  

In this section, to ensure the integrity of our paper, we will introduce the traditional algorithm in [13] 

briefly. The problem we have formulated previously is a non-convex problem hence we cannot solve 

it directly by the traditional convex optimization algorithm. Consequently, we fixed the total transmit 

power 𝑃𝑇 to transform the problem. The problem can be rewritten as follows: 

 

�̃�𝐸𝐸(𝑃𝑇)def 𝑚𝑎𝑥
𝑝[𝑘,𝑖]≥0

∑ 𝑟𝑘
𝐾
𝑘=1

∑ ∑ 𝑝[𝑘,𝑖]+𝑃𝐶
𝑑𝑠
𝑖=1

𝐾
𝑘=1

                        (14) 

subject to 

∑ ∑ 𝑝[𝑘,𝑖] =
𝑑𝑠
𝑖=1

𝐾
𝑘=1 𝑃𝑇                            (15) 

 

∑ 𝑇𝑘 ≥ 𝛿𝑚𝑖𝑛
𝐾
𝑘=1                               (16) 

 

For the transformed problem, we combine the water-filling algorithm and gradient increasing to solve 

it. 

Step I: Water-filling algorithm to find the optimal power allocation for a fixed 𝑃𝑇: We can find that 

the denominator of our objective function ∑ 𝑝[𝑘,𝑖]
𝐾
𝑘=1 + 𝑃𝑐  is a constant value and the subjection 

about the power is also an equation. Therefore, the current problem will be transformed into an issue 

regarding maximizing the sum-rate, which can be easily solved by the water-filling algorithm. We 

can calculate the optimal power allocation for each user each data-stream by the following equations: 

 

𝑝0[𝑘,𝑖] = (𝜇0 −
1

𝑔[𝑘,𝑖]
)
+

                           (17) 

∑ ∑ 𝐵𝑙𝑜𝑔2(µ0𝑔[𝑘,𝑖]) =
𝑑𝑠
𝑖=1

𝐾
𝑘=1 𝛿𝑚𝑖𝑛                       (18) 

𝑝𝑜𝑝𝑡[𝑘,𝑖] = 𝑝0[𝑘,𝑖] + (𝜇 −
1

𝑔[𝑘,𝑖]
− 𝑝0[𝑘,𝑖])

+

                    (19) 

∑ ∑ (𝜇 −
1

𝑔[𝑘,𝑖]
− 𝑝0[𝑘,𝑖])

𝑑𝑠
𝑖=1

𝐾
𝑘=1 = 𝑃𝑇 −∑ ∑ 𝑝0[𝑘,𝑖]

𝑑𝑠
𝑖=1

𝐾
𝑘=1               (20) 
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Equation [17] and [18] are generated by using the water-filling to satisfy the throughput requirement. 

So, 𝑃0 is the minimum transmit power to satisfy the throughput requirement. And then we allocate 

the rest power 𝑃𝑇 − 𝑃0. By using [19] and [20] we can get the optimal power allocation 𝑝𝑜𝑝𝑡 for 

each user in each data-stream. 

Step II: Gradient increasing to find the optimal total transmit power 𝑃𝑇 : We can prove that our 

objective function is quasi-concave. The detailed proof is also shown in [11]. Consequently, we can 

use gradient increasing to find the maximum value of the EE and corresponding transmit power 𝑃𝑇. 

The gradient of EE is shown as following: 

 

𝑑�̃�𝐸𝐸(𝑃𝑇)

𝑑𝑃𝑇
=

𝑑𝑅(𝑃𝑇)

𝑃𝑇
−𝜁�̃�𝐸𝐸(𝑃𝑇)

𝜁𝑃𝑇+𝑃𝐶

                          (21) 

Where 

𝑅(𝑃𝑇) = 𝑚𝑎𝑥
𝑝[𝑘,𝑖]≥0

∑ 𝑟𝑘
𝐾
𝑘=1                            (22) 

 

Therefore, we rewrite the transmit power as: 

 

𝑃𝑇(𝑛) = 𝑃𝑇(𝑛 − 1) + 𝑡 ×
𝑑�̃�𝐸𝐸(𝑃𝑇)

𝑑𝑃𝑇
                      (23) 

 

where 𝑡  is the step size for each iteration. We set the precision to  휀 . When |𝑃𝑇 − 𝑃0 ≤ 휀|, the 

iteration will stop and the output 𝑃𝑇 is the optimal total transmit power. 

According to this algorithm, we can obtain the optimal power allocation for each user in each data 

stream. Although this algorithm does not have very high complexity, the running time is also too slow 

to satisfy the frequent users’ positions change. So, in the next section, we will implement a deep 

learning model to fit this algorithm to ensure that it is fast enough in practical situations. 

4. Machine Learning Algorithm 

In this section, we managed to build a supervised machine learning (ML) model, and train it based 

on the data generated by the traditional algorithm. The purpose of ML model is to shorten the 

computing time under the premise of guaranteeing the accuracy of the output. 

The goal of this optimization problem is to figure out the optimal power allocation popt for each 

user’s each data stream based on the CSI which is the singular value in our work. Consequently, the 

purpose of our ML model is to find the relationship between these singular values and the optimal 

power allocation. The training data has been generated by the traditional algorithm in section III.   

4.1 Structure of Neutral Network 

Our ML model, as shown in figure 1, is a feed-forward fully-connected neural  

Network. The Input layer has (𝐾𝑚𝑎𝑥 ∗ 𝑑𝑠 + 1) dimensions, which consists of each singular value 

and the circuit power. The output layer has 𝐾𝑚𝑎𝑥 ∗ 𝑑𝑠 dimensions, which consists of the specific 

power for each user’s each data stream. Inside the model, we have a 10-dimensional hidden layer. In 

the hidden layer, tanh function is used as the activation to introduce nonlinearity to the model. During 

the training process, Levenberg-Marquardt (L-M) method is introduced to train our neural network 

model. L-M method is a more effective algorithm compared with Newton’s method and gradient 

descent method, and it can help us save computing time by changing the scale of to find out the low 

gradient faster. 
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Figure 1. Neutral Network Structure 

 

4.2 Computational Complexity Analysis and Operation Time Comparison 

In this section, we compare the performances of the traditional algorithm and machine learning model 

through computational complexity calculation and operation time measurement. Computational 

complexity can theoretically predict the operation time of the algorithm while the simulation result 

can prove the prediction. In Table I, the complexity is listed for comparison. Singular value 

composition and Zero-forcing, which are introduced in the IA part to eliminate interference between 

channels and users, are based on real matrix calculation according to equation(8). The complexity is 

directly determined by the matrix size in (8) since most elements in CSI matrix are non-zero. Defining 

that n is the number of iterations in Gradient-descent process, the total floating-point operation 

number of finding optimal power allocation is linearly dependent on n and the total number of data 

streams. With determined cells in a single hidden layer, forward propagation of neural network has 

the complexity which is probational to the input number. As can be seen in Table 1, the machine 

learning algorithm proposed in figure1 has a lower computational complexity. 

 

Table 1. Complexity comparison for proposed algorithm 

Algorithm Computational Complexity 

SVA-IA and ZF-IA 𝑂(𝐾𝑁𝑡(𝐾 − 1)
2𝑑𝑠

2) 
Water-filling with gradient descent 𝑂(𝑛𝐾𝑑𝑠) 

Machine learning 𝑂(𝐾𝑑𝑠) 

 

5. Simulation Result 

In this section, we will verify our deep learning based algorithm through the fitting performance and 

operation time. We find that our ML model can reduce the operation time remarkably. Besides, it can 

also guarantee very high accuracy to find the optimal power allocation compared to traditional 

algorithm. 

5.1 Parameter Settings 

For our MIMO system, there are 6 users in one cell and BS transmits 2 data streams to each user. The 

number of transmit antennas and receive antennas is 10 and 2 respectively. The minimum throughput 

requirement is 100Mbps. The max transmit power for BS is set to 46dbm. Noise power is set to -

10db. All the parameters are shown in Table 2. Based on these parameters, the traditional algorithm 

runs for 10000 times which means we get 10000 samples as our data set. We divide the data set into 

training data set, validation data set and test data set according to the ratio of 70%, 15%, and 15%.  
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Table 2. Simulation parameter 

Parameter Value 

Bandwidth(B) 10MHZ 

Number of users(K) 6 

Number of transmit antennas(𝑁𝑡) 10 

Number of receive antennas(𝑁𝑟) 2 

Minimum throughput requirement 100Mbps 

Max transmit power 46dBm 

Noise power -10dBm 

Drain efficiency of power amplifier 0.38 

 

5.2 Fitting Performance 

Figure 2 presents the relationship between EE and 𝑃𝑡. In this figure, we have marked two optimal 

points generated by the traditional algorithm and ML model. Noted that in this figure we just show 

the optimal total transmit power but not the transmit power for each user while the actual output of 

our ML model is the power allocation for each data stream of each user. The figure shows that the 

EE generated by the ML model has a high matching degree to the traditional algorithm. The specific 

matching degree is shown in Table 3. 

Table 3. Fitting Performance 

P_c(W) Traditional Algorithm Machine Learning model Matching percentage 

5 

Max EE=3.9123*10^7 

(bits/Joule) 

Pt=5.57(W) 

Max EE=3.907*10^7 

(bits/Joule) 

Pt=5.20 

99.86% 

 

10 

Max EE=2.5855*10^7 

(bits/Joule) 

Pt=8.63(W) 

Max EE=2.5844*10^7 

(bits/Joule) 

Pt=8.77 

99.99% 

 

20 

Max EE=1.5517*10^7 

(bits/Joule) 

Pt=14.52(w) 

Max EE=1.5508*10^7 

(bits/Joule) 

Pt=15.04 

99.94% 

 

 

Figure 2. Mean squared error versus epoch for the training, validation, and test performances 
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In our ML model, we select Mean Squared Error (MSE) as our loss function. The relationship between 

MSE and the number of epochs is shown in Figure 3. The loss function is one of the indicators to 

measure the success of the ML model. As the iteration increases, if the loss function converges to 

zero, we can say that the model has been trained successfully. In our model, After 226 Epochs, MSE 

of the test data set dropped down to about 10−7, which can reflect the success of our training. 

 

Figure 3. Training statistics 

 

5.3 Operation Time Comparison 

In this subsection, we want to verify that our ML model can reduce the running time compared to the 

traditional algorithm. Table 4 and 5 show measured operation time with different simulation 

parameters on the same computer. In order to minimize the error brought by short single running time, 

we generate 10,000 samples randomly and calculate the average value on the total operation time. 

From these tables, machine learning method takes less time to finish execution in any simulation case. 

When the system gets larger and more complex, neutral network is expected to save more resources. 

Associated with theoretical analysis result shown in section III, we can conclude that machine 

learning model performs better to deal with the frequently changing situations in practical 

communication systems. 

 

Table 4. Operation time comparison with different circuit powers 

𝑃𝐶/W Traditional Algorithm (ms) Machine Learning (ms) 

5 0.2346713 0.0516602 

10 0.3286610 0.0555483 

20 0.6061632 0.0592663 

𝐾 = 3, 𝑑𝑠 = 2 
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Table 5. Operation time comparison with different user numbers 

K Traditional Algorithm (ms) Machine Learning (ms) 

3 0.3286610 0.0555483 

4 0.4299495 0.0665292 

𝑃𝑐 = 10𝑊, 𝑑𝑠 = 2 

6. Conclusion 

In this paper, we formulate an EE optimization problem for a multi-users MIMO system. We 

implement ZF precoding and SVD precoding to eliminate interference among users and channels of 

a single user respectively. We initially use a traditional algorithm to solve this problem and generate 

10000 samples for CSI and its corresponding optimal power allocation. Then, our deep learning 

model is trained to learn the map between CSI and the optimal power allocation. The numerical results 

indicate that using our deep learning model can obtain a very similar result compared to using the 

traditional algorithm. However, it can save a great amount of time compared to the traditional one. 
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