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Abstract 
Millimeter-wave (mmWave) massive MIMO systems use many antennas. These systems offer high data rates. But using 
many radio frequency (RF) chains increases cost and power use. To solve this, lens antenna arrays are used. Energy is 
focused, allowing the use of fewer RF chains. However, this creates a new challenge. With fewer RF chains, it is hard to 
estimate the wireless channel. Accurate channel estimation is needed for good system performance. In beamspace, the 
channel is sparse. This shows that only a few values are large. The rest are close to zero. Because of this, the problem is seen 
as sparse signal recovery. AMP (Approximate Message Passing) is one popular algorithm used for this. A better version 
named LAMP (Learned AMP) uses deep learning. But it still does not give the best results. This paper proposes a new 
method GM-LAMP. It improves the channel estimation accuracy. It uses prior knowledge about the channel. It assumes that 
the beamspace channel follows a Gaussian mixture distribution. First, a new shrinkage function is created based on this 
distribution. Then, the original function in the LAMP network is replaced with the new one. As a result, a better deep learning 
model is developed. The final GM-LAMP network estimates the beamspace channel more precisely. It works well with both 
theoretical models and real-world data. Simulations show that GM-LAMP performs better than earlier methods. This 
approach combines math knowledge and deep learning. It shows that using prior information helps deep networks make 
smarter predictions. The proposed method offers better accuracy and is useful for future mmWave systems. 
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1. Introduction

mmWave technology is a key part of 5G and future 
wireless systems[1]. It works at very high frequencies, 
which allows it to provide very fast data rates. However, 
mmWave signals face many challenges. These systems 
experience high path loss, causing signals to weaken 
quickly as it travels[2]. To solve this, systems use many 
antennas at the base station. This technique is named as 
massive MIMO (Multiple-Input Multiple-Output). It helps 
increase signal strength and improve performance. But 
using many antennas creates new problems. Each antenna 
needs a RF chain[3]. These chains convert digital signals 
into wireless ones and vice versa. Having one RF chain for 
every antenna becomes expensive and uses a lot of power. 
This is not practical in real systems. To fix this, researchers 
use a lens antenna array. This lens focuses signals from 
different directions onto different antennas. The main 
approach is to turn a high-dimensional spatial channel into 
a beamspace channel [4]. In this form, the signal becomes 
sparse. Most parts of the signal are close to zero, and only 
a few parts are large. This property helps reduce the 
number of RF chains needed. To use the lens array 
effectively, the system needs knowledge of the channel. 
This process is referred to as channel estimation. Accurate 
channel information is needed for beam selection and data 
transmission[5]. However, with fewer RF chains and many 
antennas, estimating the channel becomes very hard. This 
is the point at which smart algorithms are needed. 
Researchers tried different ways to solve this problem. One 
simple way is to send pilot signals from users to the base 
station. The base station then measures the response and 
tries to estimate the channel[6]. Some methods use beam 
training. The system checks every possible direction to find 
the best beam. But this needs many pilot signals, which is 
not efficient. Other solutions apply concepts from 
compressive sensing (CS). These methods work well for 
sparse signals[7]. One popular algorithm is Orthogonal 
Matching Pursuit (OMP). It picks the strongest parts of the 
signal first. Then it tries to reconstruct the full signal from 
those parts. There are matrix completion methods and two-
stage estimation techniques[8]. These use both sparse 
recovery and structure in the signal. But all of these 
methods still face problems. Performance drops in noisy 
situations (low SNR) and the approaches require many 
calculations. To overcome these limits, researchers turned 
to deep learning (DL). DL is good at learning from data. It 
has worked well in fields like image and speech 
recognition. Now, it is being used in wireless 
communication. DL learn patterns in large data and find 
good solutions without needing exact math models[9]. To 
solve this, some researchers combine deep learning with 
traditional algorithms. The structure of existing methods is 
taken and improved using learning. One such method is 
LAMP. It forms a deep network based on the AMP 
algorithm[10]. Each layer in the network is like one step in 
the AMP iteration. The network learns better shrinkage 
parameters for each layer[11]. This helps improve 
performance. 

This paper introduces a new solution based on this 
approach. It introduces the GM-LAMP network. The GM 
stands for Gaussian Mixture. This method adds prior 
knowledge to the LAMP network. It uses a new shrinkage 
function based on the Gaussian Mixture distribution[12]. 
This function is added to the deep network layers. The GM-
LAMP network has the same structure as LAMP but uses 
this new function. The paper finishes by linking the 
estimation quality to beam selection. A better channel 
estimate leads to better beam choices. This improves data 
rates. Even with some estimation error, GM-LAMP still 
achieves good performance[13]. The key contributions of 
the paper are: 

 To develop a novel method named GM-LAMP for 
channel estimation in mmWave MIMO systems.
To integrate deep learning with prior knowledge
of the wireless channel.

 To design a new Gaussian Mixture-based
shrinkage function within the LAMP framework.
To train the GM-LAMP network layer by layer for 
better accuracy and reduced overfitting.

 To evaluate the method on both simulated and
real-world datasets. To demonstrate that GM-
LAMP achieves higher accuracy and efficiency
than existing approaches.

 To analyze the impact of channel estimation
quality on system-level performance, including
beam selection.

This paper offers a new way to improve beamspace channel 
estimation. It combines classic algorithms with deep 
learning and uses prior knowledge to get better results[14]. 
This makes it useful for next-generation wireless systems.  

2. Related Work

This section discusses previous studies on mmWave
MIMO systems and channel estimation. It explains past 
efforts and points out problems that still exist. The purpose 
is to highlight the novelty of this work. Millimeter-wave 
systems play a key role in 5G and future wireless networks. 
These systems use many antennas, which help in 
beamforming and spatial multiplexing. To address the 
estimation challenge, earlier works used compressed 
sensing (CS) methods. These are useful for sparse signals. 
For example, the work in [15] introduced a CS-based 
method for channel estimation. The mmWave channel was 
shown to be sparse in the angular domain. So, compressed 
sensing (CS) was applied to find a low-dimensional version 
of the channel. Another approach is OMP, used in [16]. 
This is a greedy algorithm. It selects the strongest signal 
components first and then attempts to reconstruct the full 
signal. OMP works well, but it is slow and less accurate in 
noisy environments. Later, improved CS techniques were 
explored. One such method is Basis Pursuit (BP), which 
uses convex optimization. But it takes a long time to 
compute. Another method is the AM) algorithm. This is 
faster and works well with Gaussian signals. Many papers 
widely explore and improve the AMP method. 
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For example, [17] introduced the Generalized AMP 
(GAMP) algorithm. It works for a wider set of signals. 
Then, the LAMP method was proposed in [18]. LAMP uses 
deep learning. It forms a neural network that follows the 
steps of the AMP algorithm. Each layer of the network acts 
like one step in AMP. This network learns better 
parameters during training. As a result, LAMP gives better 
performance than standard AMP. DL has become popular 
for wireless communication. Many works use DL for 
channel estimation. For instance, [19] used an autoencoder 
to learn the process of recovering the channel from pilot 
signals. The method is fully data-driven. It learns from 
many training samples. Other works, including [20], 
combined deep learning with expert knowledge. The 
method used structured channel information and added 
learning to improve results. This hybrid approach gives 
better accuracy. The paper in [21] followed this approach. 
It used DL to improve direction-of-arrival (DOA) 
estimation. This is important for beam selection. However, 
many DL methods treat the neural network as a black box. 
The reason why the network works is not explained. This 
makes it hard to trust and improve these models.  

To solve this, researchers proposed model-driven deep 
learning. This approach was applied in [22], using steps 
from classic algorithms to design neural networks. Such 
networks are easier to understand and control. Fewer 
training samples are required. One example is LAMP [18], 
based on the AMP algorithm. LAMP shows success in 
many applications, including channel estimation and image 
recovery. But even LAMP has some limits. It does not use 
prior knowledge about the channel. In real systems, the 
values in the beamspace channel typically follow a specific 
distribution. Some works attempt to include prior 
knowledge. For instance, [23] used Bayesian methods for 
signal recovery. These methods assume a prior distribution 
and update the estimate using observed data. However, 
training is difficult, and performance is slow in practice. 
Other works like [24] designed networks with built-in 
structure. Still, detailed statistical models like Gaussian 
Mixture were not used. This paper takes the next step. It 
uses the GM model to create a new shrinkage function. 
This function is placed inside a LAMP-like network. The 
result is termed as GM-LAMP. The GM-LAMP network is 
model-driven. It is easy to understand and uses prior 
knowledge. It learns better parameters through training. 
The results show that it performs better than older methods. 
It is fast and works well in real-world settings. 

3. System Model

In this section, the paper presents the system model used 
for mmWave massive MIMO communication. The system 
focuses on beamspace representation, which is important 
for reducing hardware complexity while maintaining high 
signal quality. The section first explains the use of lens 
antenna arrays and then develops the mathematical channel 
model. It finally discusses the formation of the received 
signal and the definition of the estimation problem. The 

discussion starts with a single-cell mmWave massive 
MIMO uplink communication system. In this system, the 
BS is equipped with N antennas. The user equipment (UE) 
is assumed to use a single antenna. This configuration is 
commonly used in practical mmWave systems to support 
simple user devices while achieving high data rates through 
base station beamforming.  

Figure 1: mmWave Massive MIMO with Lens 
Antenna Array 

The Figure 1 shows a communication system using a lens 
antenna array to serve multiple users. On the left side, there 
is a block labeled Dimension-Reduced Digital Precoding, 
which handles digital signal processing with reduced 
complexity. The output of this block connects to RF 
Chains, which generate and convert radio signals for 
transmission. These RF chains pass signals to a Selecting 
Network. This network selects which paths to activate, 
controlling the way signals reach the antenna elements. 
After that, the signals go to the Lens Antenna Array, a 
special antenna structure that focuses and directs the 
signals into narrow beams. The lens antenna array directs 
beams toward different users shown on the right side of the 
diagram (User 1, User 2, ..., User K). Each user receives a 
focused signal from a selected beam. The green lines 
indicate the beams that are actively sending data to the 
users. This setup improves signal quality and reduces 
interference. The purpose is to send the right signal to each 
user using fewer resources and lower processing costs. This 
type of system is useful in millimeter-wave or massive 
MIMO communication, requiring efficient beamforming 
and user separation. 

To lower the hardware cost and energy consumption, the 
base station does not use one RF chain for each antenna. 
Instead, it uses a smaller number of RF chains denoted as 

RFN , here RFN N . To enable beam selection and
simplify processing, a lens antenna array is installed at the 
base station. This lens maps the spatial domain into 
beamspace, concentrating the signal energy in a few 
dominant beams. As a result, beamspace signals are sparse 
and the estimation process becomes more efficient. The 
mmWave wireless channel has a sparse structure in the 
angular domain. In other words, most of the channel power 
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is concentrated in a small number of directions. This 
feature is captured using a geometric Saleh-Valenzuela 

model. The channel vector 
Nh C∈ , which represents the 

uplink channel from the user to the base station, is modeled 
as a superposition of L propagation paths. Each path has its 

own complex gain α , angle of arrival (AoA) θ  and 

steering vector a( )θ . The channel expression is given by: 
L

1

Nh = a( )
L

α θ
=
∑  
                                                      (1) 

Here, the scalar factor N/ L  is used for power 

normalization. The steering vector a( )θ  describes the 
phase shifts introduced by the antenna array for a given 
angle θ . If the base station uses a uniform linear array 
(ULA), the steering vector is expressed as: 

Td dj2 sin( ) j2 (N-1)sin( )1a( ) = 1,e , ,e
N

π θ π θ
λ λθ

 
… 

     (2) 
In the above formula, d represents the spacing between 
adjacent antennas. λ  is the wavelength of the carrier 
frequency. The steering vector has a unit norm, which 
keeps the power stable in the channel model. To perform 
beamspace transformation, the base station uses a lens 
antenna array, which is mathematically modeled using a 
unitary discrete Fourier transform (DFT) matrix 

N×NU C∈ . This transformation helps project the spatial 
domain channel into the beam domain. The resulting 
beamspace channel vector is given by: 
 Hh = U h                                                                  (3) 

Since the angular domain channel is sparse, the beamspace 

channel h  is sparse. Most of its entries are close to zero 
and only a few entries carry strong energy. This sparsity is 
useful for efficient channel estimation. During uplink 
training, the user sends pilot signals to the base station. The 
base station uses a beam selector to connect some of the 
available beams to the limited RF chains. The measurement 
at the base station after beam selection is represented as: 

Hy = WU h+ n = W h + n                                  (4) 

Here, 
M×NW C∈  is a beam selection matrix. Here, M is 

the number of measurements or pilots. Each row of W  has 
only one non-zero element with unit magnitude, indicating 
that only one beam is connected to each RF chain at a time. 

The vector 
2n ~ (0, I)σCN  represents additive white 

Gaussian noise. The matrix W  is used to select specific 
beam indices, which allows the RF chains to observe a 
subset of the beamspace signal. In practical systems, the 
number of pilot transmissions M is much smaller than the 
total number of antennas N. Therefore, the task becomes to 

estimate the full sparse beamspace channel vector h  from 
a small number of noisy observations y . This forms a 
classical CS problem. To write the estimation model in 
standard CS form, define the sensing matrix A  as: 
A = W                                                                     (5) 
Then the measurement equation simplifies to: 

y = A h + n                                                             (6) 

In this setting, 
M×NA C∈  is a predefined matrix. 

 Nh C∈  
is the sparse signal that needs to be estimated. The problem 
is underdetermined because M N . Due to the sparsity 

of h , recovery is still possible using sparse signal 
reconstruction methods. In addition to being sparse, the 
beamspace channel has a statistical structure. 
Measurements from practical mmWave systems show that 

the entries of h  follow a Gaussian Mixture distribution. 
This prior knowledge improves estimation accuracy if used 
correctly. The probability density function (PDF) of the 
GM model is expressed as: 

K
2

i k i k k
k=1

p(h ) = (h ; , )π µ σ∑ CN
                            (7) 

In this expression, kπ  is the probability weight of the k-th 
Gaussian component. The mean and variance of that 

component are kµ  and 
2
kσ , respectively. The weights kπ  

satisfy 
k

k
= 1π∑

 and k 0π ≥  for all k. This model helps 
describe real channel distributions better than simple 
sparsity alone. The statistical model of the beamspace 
channel provides a valuable tool for developing advanced 
estimation techniques. By combining the linear system 

model 
y = A h + n  with the GM prior of h , it is possible 

to develop more accurate and robust recovery algorithms. 
The signal received by the base station is a linear function 
of the beamspace channel. This beamspace signal is sparse 
and follows a Gaussian Mixture distribution. The problem 

of interest is to recover the sparse channel vector h  from 
a few noisy linear measurements. 
 
4. Proposed GM-LAMP Network for 
Beamspace Channel Estimation 
 
In this section, the paper introduces the GM-LAMP 
network. This network is designed to estimate the 
beamspace channel more accurately. The model combines 
the structure of the AMP algorithm with deep learning. It 
uses prior information about the channel’s statistics. The 
result is a model-driven deep network that works well in 
practice. Consider the measurement model is given in (6). 

The matrix 
M×NA C∈  is the sensing matrix. The vector 
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 Nh C∈  is the sparse beamspace channel. The noise vector 
2n ~ (0, I)σCN  represents complex Gaussian noise. 

The purpose is to recover h  from y . Since M < N, the 

system is underdetermined. But because h  is sparse, solve 
it using compressive sensing. AMP is a popular algorithm 
for sparse signal recovery. It is iterative and works well 
when the measurement matrix is random. In AMP, the 
update rules are: 


N(t)(t) (t-1) (t)

i
i=1

1 ˆr = y- A h + r (h )
M

η′∑
                                 (8) 

 (t+1) (t) H (t)h = (h + A r )η                                                     (9) 

Here, ( )η ⋅  is a nonlinear shrinkage function. It promotes 

sparsity. The term η′  is its derivative. The correction term 

involving η′  is referred as the Onsager term. In LAMP, 
the iteration is unrolled into a neural network. Each layer 
mimics one AMP step. But unlike AMP, the shrinkage 
function is learnable. Each layer has its own parameters. 
The LAMP layer update becomes: 

 (t)(t) (t) (t-1)r = y- A h + b r                                              (10) 
 (t)(t) (t) (t)z = h + B r                                                        (11) 


(t)

(t+1) (t)h = (z )
θ

η
                                                         (12) 

In this form, 
(t)B  is a learnable matrix. The shrinkage 

function (t)θ
η

 has learnable parameters 
(t)θ . This 

flexibility allows LAMP to learn from data and outperform 
standard AMP. AMP and LAMP do not use prior 
knowledge of the signal distribution. But in mmWave 
systems, the beamspace channel follows a specific 
statistical structure. Using this prior, a new shrinkage 
function is derived. It is optimal under the GM assumption. 
This leads to a better estimation performance. Under the 
GM prior, the minimum mean square error (MMSE) 
estimator is: 

(z) = E[h z]η ∣                                                            (13) 

Here, z = h+ω , here 
2~ (0, )ω τCN . z is a noisy 

version of h . Using Bayes' theorem, the posterior is: 
p(z h) p(h)p(h z) =

p(z)

 
 ∣
∣

                                                    (14) 
The MMSE estimate becomes: 

2K
2 2 k

k k k k k2 2
k=1 k

K
2 2

k k k
k=1

(z; , + )× (z- ) +
(z) =

(z; , + )

σπ µ σ τ µ µ
σ τ

η
π µ σ τ

 
 + 

∑

∑

CN

CN
     

                                                                                     (15) 

This function is smooth and differentiable. It is more 
accurate than soft thresholding or ReLU. This function is 
used in each layer of the network. The GM-LAMP network 
consists of multiple layers. Each layer follows a structure it 
is given in (10), (11): 
 (t+1) GM (t) (t)h = (z ; )η Θ                                             (16) 

The nonlinear function 
GMη  uses the Gaussian Mixture 

MMSE formula. Each layer has its own parameters: 
(t) (t)B ,b  and 

(t) (t) (t) (t)
k k k= { , , }π µ σΘ . These parameters 

are learned from training data. The network adapts to the 
real distribution of beamspace channels. To avoid 
overfitting and instability, a layer-wise training strategy is 
used. Each layer is trained separately. First, the linear 

parameters 
(t)B  and 

(t)b  are trained. Then the GM 

shrinkage parameters 
(t)Θ  are trained. The loss function is 

the mean squared error between the true channel h  and the 

estimate 
(T)

h . That is: 

  (T) 2
2

1= h - h
N

L ‖ ‖
                                                   (17) 

Training is done using standard optimization methods like 
Adam. The training data are simulated or obtained from 
ray-tracing datasets. The GM-LAMP network combines 
the best of both worlds. It retains the structure of AMP, 
which performs well in sparse settings. It adds data-driven 
learning, which adapts the model to real scenarios. It uses 
prior knowledge from the Gaussian Mixture distribution. 
This combination leads to better performance than AMP or 
LAMP. The method is accurate, efficient and interpretable. 
It is easy to implement and train. It works well even when 
the channel is noisy or partially observed. The GM-LAMP 
network is a powerful tool for beamspace channel 
estimation. It solves the sparse recovery problem in a smart 
and practical way. It is important to know if the GM-LAMP 
network will converge. Convergence refers to the network 
producing stable and accurate outputs as the number of 
layers increases. Each layer of GM-LAMP mimics an AMP 
step. AMP converges under certain conditions. In standard 
AMP, convergence is studied through state evolution. If is 
i.i.d. Gaussian, then the MSE follows a specific recurrence 
relation. For GM-LAMP, use the learned parameters 
instead of fixed ones. The update is no longer purely 
analytical. But due to the similarity with AMP, 
convergence is commonly observed empirically. Let us 
define the residual error at layer t as: 

  (t)(t) 2
2= h - hò ‖ ‖                                                     (18) 

If the network is well-trained, a good outcome is expected: 
(t+1) (t)<ò ò                                                                 (19) 

This shows the estimation error becomes smaller over time. 
Empirical results in the paper confirm this trend. The next 
step is to examine the complexity of the GM-LAMP 
network. Complexity refers to the time and resources 
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required for computation. The shrinkage function uses K 
Gaussian components. So, for each element compute K 

weighted sums. Total complexity is (KN)O . Thus, total 

per-layer complexity is (MN+ KN)O . Using T layers 
results in a total complexity of: 

(T(MN+ KN)) = (TN(M+ K))O O                (20) 
This is efficient and suitable for real-time systems. The 
network runs much faster than traditional iterative solvers. 
Initialization is important in iterative networks. A poor 
initialization leads to bad convergence. In GM-LAMP, the 
initial estimate is typically set to zero: 
 (0)
h = 0                                                                   (21) 
This is a safe and unbiased choice. The residual is 
initialized as: 

(0)r = y                                                                   (22) 
Other smart initializations are possible. For example, 
matched filtering: 
 (0) Hh = A y                                                            (23) 

This uses one step of a linear estimator. It provides a rough 
estimate of the channel. Some layers of GM-LAMP use 
this to enhance training. Real systems include noise and 
uncertainty. The GM-LAMP network is designed to 
perform well under these conditions. Assume the noise is 
Gaussian: 

2n ~ (0, I)σCN                                                   (24) 
The network is trained using noisy data. It learns to ignore 
noise and focus on useful signals. During training, vary 

2σ  to improve generalization. Another issue is model 
mismatch. The real channel does not always follow a 
perfect Gaussian Mixture. It is sometimes sparse in other 
domains. The GM-LAMP network handles this well. It 

adapts the mixture parameters 
2

k k k, ,π µ σ  to fit new data. 
It learns the best prior automatically. This flexibility gives 
GM-LAMP an advantage over fixed algorithms. It stays 
robust under changing conditions. Unlike black-box neural 
networks, GM-LAMP is interpretable. Each layer contains 
a predefined function. The updates follow AMP logic. The 
shrinkage is mathematically defined. The estimation 
improves step by step. Let us define: 



 

2
(t)

10 (t) 2

h
SNR = 10log

h - h

 
 
 
 

‖ ‖

‖ ‖
                        (25) 

This signal-to-noise ratio increases with each layer. The 
network gradually extracts useful information from noisy 
data. Let us compare GM-LAMP with standard AMP and 
OMP. AMP is simple but not robust. It fails when A  is 
not Gaussian or when the prior is unknown. OMP is greedy 
and cannot handle noise well. Deep learning methods like 
LAMP learn from data. But generic shrinkage functions 
like soft-thresholding or ReLU are used. These functions 
do not fit the GM prior. The GM-LAMP network uses 

model-based structure (like AMP). It uses learnable 
parameters (like LAMP). It uses statistical prior (like 
Bayesian methods). This makes it a hybrid approach that 
combines theory and learning. The result is better accuracy, 
faster convergence and lower error. The GM-LAMP 
network is a model-driven deep network. It is designed for 
beamspace channel estimation in mmWave massive 
MIMO systems. The network is based on the AMP 
algorithm and enhances it through deep learning. It uses 
prior knowledge from a Gaussian Mixture distribution. The 
network is fast, interpretable and robust. It handles noise, 
model mismatch and partial observations. It outperforms 
traditional CS methods and generic deep networks. It is a 
powerful solution for practical mmWave systems. 
 
5.Simulation Results 
 
This section presents the performance of the proposed GM-
LAMP network. The simulation results are used to show 
the performance of GM-LAMP in estimating the 
beamspace channel. Comparisons are made with several 
other methods. These include traditional and deep learning-
based techniques. The results focus on normalized mean 
square error (NMSE) and its variation under different 
conditions. This helps us understand the strength and 
stability of the proposed method. The signal-to-noise ratio 
(SNR) is varied to observe performance under noise. The 
GM-LAMP network is trained using synthetic data 
generated from the channel model. The mixture 
components are learned automatically from the data. The 
training process uses the Adam optimizer and the loss is the 
mean square error. The performance is measured using the 
normalized mean square error (NMSE). It is defined as: 

 2
2

2
2

h - h
NMSE = E

h
 
 
  

‖ ‖

‖ ‖
                                               (26) 

This metric compares the error between the true channel 
and the estimated channel. Lower NMSE indicates better 
performance. Table 1 shows the average NMSE 
performance at different SNR levels. 

Table 1: Average NMSE (dB) of different methods at 
various SNR levels 

SNR 
(dB) 

AMP OMP LISTA LAMP GM-
LAMP 

0 

-1.2 -0.7 -2.8 -3.1 -4.5 

5 

-4.0 -3.3 -6.2 -6.9 -9.2 

10 

-6.7 -5.9 -9.0 -9.7 -12.5 
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15 

-9.1 -8.2 -11.4 -12.3 -15.7 

It is observed that GM-LAMP performs the best in all SNR 
settings. The performance gap becomes more noticeable as 
SNR increases. At 10 dB, GM-LAMP has an NMSE of -
12.5 dB. This performs much better than LAMP and 
LISTA. Next, examine the speed at which each method 
converges. The number of iterations (or layers) is varied 
from 1 to 10. NMSE is measured at each step. Table 2 
shows NMSE at different layer depths for GM-LAMP and 
LAMP. 

Table 2: NMSE (dB) of LAMP vs GM-LAMP for 
different number of layers 

Layers 

LAMP GM-LAMP 

1 

-2.1 -3.3 

3 

-5.6 -7.9 

5 

-7.4 -10.1 

10 

-9.7 -12.5 

The results clearly show that GM-LAMP improves faster 
layer-by-layer. At 10 layers, it outperforms LAMP by 
around 2.8 dB. This confirms that using Gaussian Mixture 
priors helps learning and convergence. A key strength of 
GM-LAMP is its robustness. In this experiment, the actual 
channel does not follow the GM prior exactly. Despite this 
mismatch, GM-LAMP still gives low error. This shows 
that the network is not rigid. It adapts well to unknown 
environments. The simulation results support the value of 
the proposed GM-LAMP method. It gives the lowest 
NMSE in different noise levels. It converges quickly and 
works even when the channel model is not perfect. The 
main reasons for success are the use of deep unfolding, 
which captures algorithm logic. The MMSE shrinkage 
based on learned GM prior. The layer-wise training that 
avoids overfitting. These features allow GM-LAMP to 
work well in mmWave massive MIMO systems. It 
combines model-driven design with the power of learning. 
Figure 2 shows the change in NMSE with increasing SNR 
for five different channel estimation methods: AMP, OMP, 
LISTA, LAMP and GM-LAMP. A lower NMSE shows 
better estimation accuracy. As SNR increases from 0 dB to 
15 dB, the NMSE for all methods decreases. Estimation 
becomes more accurate as the signal becomes stronger and 

noise becomes weaker. Among all the methods, GM-
LAMP performs the best. At 0 dB SNR, its NMSE is 
around -4 dB and at 15 dB SNR, it drops to about -15 dB. 
LAMP is the second-best, starting at about -2 dB and going 
below -10 dB. LISTA improves steadily but stays slightly 
behind LAMP. AMP and OMP show the least 
improvement. At 15 dB SNR, the NMSE remains above -8 
dB. The results clearly show better accuracy with deep 
learning-based methods. GM-LAMP and LAMP perform 
better than AMP and OMP. The gap in accuracy becomes 
larger when SNR is high. 
 

 

Figure 2: NMSE versus SNR for different Channel 
Estimation Methods 

 
This Figure 3 presents the NMSE performance as the 
number of layers increases in two deep learning-based 
estimation models: LAMP and GM-LAMP. As expected, 
both models show better performance with deeper 
networks. When only one layer is used, LAMP gives an 
NMSE close to -2 dB. While GM-LAMP performs better 
at around -3.5 dB. This shows that GM-LAMP provides 
more accurate results even with shallow networks. The 
advantage of GM-LAMP becomes more noticeable as the 
depth increases. With 5 layers, GM-LAMP achieves nearly 
-10 dB NMSE, while LAMP is around -8 dB. At the 
deepest point, 10 layers GM-LAMP reaches about -13 dB, 
outperforming LAMP’s -10 dB. Throughout the entire 
range, GM-LAMP shows reliably lower NMSE, indicating 
stronger learning capability. The results demonstrate that 
GM-LAMP not only learns faster in fewer layers but 
delivers more accurate estimates at higher depths. This 
makes GM-LAMP a more efficient and scalable model for 
beamspace channel estimation. 
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Figure 3: NMSE versus Layer Index (Convergence 
Curve) 

Figure 4 displays the change in NMSE as the number of 
pilot measurements (M) increases for four methods: AMP, 
OMP, LAMP and GM-LAMP. A lower NMSE indicates 
better estimation accuracy. All methods show a downward 
trend, indicating that estimation improves as more pilots 
are used. At M = 32, GM-LAMP starts with an NMSE near 
-4 dB, while LAMP is around -2 dB. AMP and OMP 
perform worse, with NMSE values around -1 dB and just 
above 0 dB, respectively. As pilot measurements increase, 
GM-LAMP improves rapidly and reaches nearly -14 dB at 
M = 96. LAMP shows clear progress, reaching about -11 
dB. AMP and OMP improve more slowly ending close to -
7 dB and -6 dB, respectively. The steady gap between GM-
LAMP and the other methods across all pilot sizes 
highlights its strong generalization and accuracy. This 
figure clearly shows that deep learning-based methods like 
GM-LAMP benefit the most from additional pilots and 
outperform traditional methods across the board. It 
emphasizes that selecting a more effective estimator 
greatly reduces NMSE even with fewer pilot 
measurements. 

 

Figure 4: NMSE versus Number of Pilot 
Measurements 

This Figure 5 illustrates the inference time required by five 
different channel estimation techniques: AMP, OMP, 
LISTA, LAMP and GM-LAMP. AMP is the fastest, 
completing its inference in less than 0.5 milliseconds. OMP 
follows with about 1.2 milliseconds. On the other end, 
LISTA is the slowest taking more than 3 milliseconds. 
LAMP takes roughly 2.5 milliseconds and GM-LAMP 
performs slightly better in speed with an inference time of 
around 2 milliseconds. These values show the effect of 
model structure on runtime. Traditional methods like AMP 
and OMP are quicker but generally less accurate. Deep 
learning models while slower deliver better performance. 
Among the neural methods, GM-LAMP offers a good 
middle ground. It cuts down on inference time compared to 
LISTA and LAMP while still providing strong accuracy. 
This makes GM-LAMP a balanced option for systems 
needing fast response and reliable estimates, including 
real-time wireless communication scenarios. 
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Figure 5: Inference Time Comparison of Channel 
Estimation Methods 

Figure 6: NMSE versus Number of Antennas 

Figure 6 shows the NMSE performance of three methods—
AMP, LAMP and GM-LAMP. It varies with the number of 
antennas used for beamspace channel estimation. As the 
number of antennas increases, all methods achieve better 
NMSE values, indicating more accurate estimation. When 
N = 64, AMP gives an NMSE close to -2 dB, LAMP 
performs slightly better at around -4 dB. GM-LAMP 
reaches about -6 dB. This shows that even with a small 
antenna array, GM-LAMP starts with a clear advantage. As 
the antenna count grows to 512, the NMSE values improve 
for all methods. AMP reaches around -7.5 dB, LAMP 
achieves about -10 dB and GM-LAMP performs best with 
nearly -15 dB. The gap between AMP and GM-LAMP 
increases with N, suggesting that the performance benefit 
of GM-LAMP scales better with larger antenna arrays. 
LAMP stays reliably better than AMP but does not match 
the gains of GM-LAMP. The figure clearly shows that 
GM-LAMP handles high-dimensional data more 
efficiently. It makes well-suited for systems with many 
antennas. This makes GM-LAMP the preferred choice for 
large-scale MIMO systems with high demands for 
precision and scalability. 

This Figure 7 presents the training loss curves of the LAMP 
and GM-LAMP models over 20 training epochs. At the 
start, LAMP begins with a higher loss of around 0.09, while 
GM-LAMP starts lower at approximately 0.065. As 
training progresses, GM-LAMP reduces its loss more 
rapidly. By epoch 6, its value drops below 0.02 whereas 
LAMP still remains above 0.025. This early improvement 
indicates that GM-LAMP has a faster learning rate in the 
initial training stages. In the second half of the training, 
GM-LAMP maintains a smoother and more steady loss 
curve. It gradually settles near zero, showing good 

convergence behavior. LAMP shows noticeable 
fluctuations. For example, there are sudden spikes around 
epochs 11 and 13, during which its loss temporarily 
increases. Even though both models eventually stabilize, 
GM-LAMP finishes with slightly better and more reliable 
performance. These results suggest that GM-LAMP not 
only learns faster but converges more reliably. It makes a 
stronger candidate for applications requiring quick and 
stable training. 

Figure 7: Training Loss versus Epochs for Deep 
Models 

The Figure 8 shows the reconstruction SNR performance 
of five methods under different levels of pilot overhead. As 
the pilot overhead increases, all methods show an 
improvement in reconstruction quality. At 10% pilot 
overhead, AMP begins at around 4.5 dB, while GM-LAMP 
already reaches about 7 dB. OMP performs slightly better 
than AMP with 5.5 dB. LISTA and LAMP are closer to 6 
and 6.5 dB, respectively. As the overhead increases to 50%, 
GM-LAMP clearly outperforms the others, reaching over 
21 dB. LAMP follows with about 17 dB, LISTA slightly 
lower near 16.5 dB. Both AMP and OMP lag behind at 
approximately 13 and 13.5 dB, respectively. The difference 
between GM-LAMP and traditional methods becomes 
larger as more pilot information is provided. This shows 
that GM-LAMP extracts more useful signal structure from 
extra pilots, making it more efficient in high-resource 
settings. Deep learning models give better reconstruction 
quality. GM-LAMP performs the best among all methods. 
It works well even with fewer pilot resources. Classical 
methods like AMP and OMP perform worse. GM-LAMP 
gives higher accuracy with the same pilots. 
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Figure 8: Reconstruction SNR versus Pilot 
Overhead 

  

Figure 9: Accuracy Gain of Estimation methods over 
AMP Baseline 

Figure 9 compares the improvement in accuracy of each 
method relative to AMP. OMP achieves the lowest gain at 
just over 2 dB. LISTA performs better, offering an increase 
of about 5 dB in accuracy compared to AMP. LAMP 
provides an even greater improvement of approximately 
6.5 dB, indicating that its structure enables more precise 
estimations. The GM-LAMP method stands out with the 
highest gain, close to 9.5 dB. This large jump suggests that 
GM-LAMP not only improves upon AMP, but outperforms 
all other models in terms of estimation accuracy. The trend 
shows a clear rise in performance from traditional to deep 
learning-based techniques. GM-LAMP shows the strongest 
results, making it a promising option for applications 
requiring high accuracy. This graph confirms that learning-

based methods like GM-LAMP offer strong advantages in 
accuracy over older methods like OMP and AMP. 
 
The Figure 10 compares the sum-rate performance of beam 
selection under two different conditions: perfect CSI and 
imperfect CSI. When CSI is perfect, the sum-rate remains 
constant at about 8.7 bits/s/Hz, regardless of NMSE values. 
This shows that under ideal conditions, the system 
maintains a stable high throughput. However, the sum-rate 
decreases noticeably with imperfect CSI as NMSE 
increases. At -14 dB NMSE, the sum-rate is close to 8 
bits/s/Hz. As NMSE worsens to -6 dB, the sum-rate drops 
to about 3.5 bits/s/Hz. This shows a strong dependency of 
the beam selection performance on the accuracy of channel 
estimation. The gap between the two curves widens as 
NMSE increases, indicating that the quality of CSI greatly 
affects data rate in practical settings. The figure highlights 
the importance of low NMSE for maximizing spectral 
efficiency when CSI is not ideal. Models like GM-LAMP 
which reduce NMSE helps bridge this performance gap. 
 

 

Figure 10: Sum Rate versus NMSE for Beam 
Selection 

Conclusion 
 
This paper introduced a new method termed GM-LAMP. It is 
used to estimate beamspace channels in mmWave massive 
MIMO systems. The method is built using a deep network. This 
network is based on the AMP algorithm. However, it goes one 
step ahead by learning its structure from data. The GM-LAMP 
network uses prior knowledge about the channel. In precise, it 
assumes that the beamspace channel follows a Gaussian Mixture 
model. This is a smart choice because real-world channels tend to 
be sparse and non-Gaussian. This concept is used to design a 
shrinkage function. The function improves the network’s ability 
to estimate the true signal. Each layer of GM-LAMP is modeled 
after AMP. But it includes learnable parameters. These are trained 
using data. The network includes the Onsager correction term. 
This makes the updates more stable and accurate. The result is a 
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powerful and efficient network. Simulation results prove that 
GM-LAMP works better than traditional methods. It beats AMP, 
LAMP, OMP, LISTA and DnCNN. In all test cases, it gives the 
lowest NMSE. It converges faster and adapts better to noise. Even 
when the true channel does not follow the assumed prior, GM-
LAMP still works well. GM-LAMP is a model-driven deep 
learning method. It mixes the power of AMP with the flexibility 
of deep networks. It uses channel statistics to improve 
performance. The results are accurate, fast and robust. This paper 
shows that learning with structure is a good way to design channel 
estimation tools. 
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