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Hierarchical Perception Adversarial Learning
Framework for Compressed Sensing MRI
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and Guang Yang , Senior Member, IEEE

Abstract— The long acquisition time has limited the
accessibility of magnetic resonance imaging (MRI) because
it leads to patient discomfort and motion artifacts. Although
several MRI techniques have been proposed to reduce the
acquisition time, compressed sensing in magnetic reso-
nance imaging (CS-MRI) enables fast acquisition without
compromising SNR and resolution. However, existing
CS-MRI methods suffer from the challenge of aliasing
artifacts. This challenge results in the noise-like textures
and missing the fine details, thus leading to unsatisfac-
tory reconstruction performance. To tackle this challenge,
we propose a hierarchical perception adversarial learning
framework (HP-ALF). HP-ALF can perceive the image infor-
mation in the hierarchical mechanism: image-level percep-
tion and patch-level perception. The former can reduce the
visual perception difference in the entire image, and thus
achieve aliasing artifact removal. The latter can reduce this
difference in the regions of the image, and thus recover
fine details. Specifically, HP-ALF achieves the hierarchi-
cal mechanism by utilizing multilevel perspective discrim-
ination. This discrimination can provide the information
from two perspectives (overall and regional) for adversarial
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learning. It also utilizes a global and local coherent discrim-
inator to provide structure information to the generator dur-
ing training. In addition, HP-ALF contains a context-aware
learning block to effectively exploit the slice information
between individual images for better reconstruction perfor-
mance. The experiments validated on three datasets demon-
strate the effectiveness of HP-ALF and its superiority to the
comparative methods.

Index Terms— MRI reconstruction, compressed sens-
ing, magnetic resonance imaging, generative adversarial
networks.

I. INTRODUCTION

THE long acquisition time in magnetic resonance imaging
(MRI) limits the accessibility of this modality [1]. It can

lead to patient discomfort and motion artifacts [2], [3]. Several
existing MRI techniques have been proposed to reduce the
acquisition time, such as parallel imaging (PI), simultane-
ous multislice (SMS) and compressed sensing in magnetic
resonance imaging (CS-MRI). CS-MRI enables a significant
reduction in the MRI acquisition time without compromising
SNR and resolution with respect to other MRI techniques
[4]. It can avoid the deterioration of image quality because
it performs nonlinear optimization on highly-undersampled
raw data. Thus, CS-MRI allows clinicians to complete mul-
tidimensional scans in a clinically feasible scan time. For
example, CS-MRI can reduce the scan time by 29.3% in a
daily clinical routine study for the brain [5] and reduce the
time for volumetric cardiac-resolved flow imaging sequences
(4D flow) from an hour to 5−10 minutes [6].

However, CS-MRI still has unsatisfactory reconstruction
performance because of aliasing artifacts [7]. This challenge
leads to difficulty in applying CS-MRI in the examination
of some clinical indications, such as epilepsy and pediatric
anesthesia [8], [9]. The aliasing artifacts are derived from
the high undersampling in CS-MRI [4]. They cause noise-
like textures and the missing fine details to corrupt the
reconstructed image [10], as shown in Figure 1(a). First, noise-
like texture refers to an irregular pattern that blurs the image
globally [4]. It obscures and weakens the appearance of the
structure and the edge, and thus interferes with the extraction
of this feature information. This interference leads to distortion
of the reconstructed image. Second, the fine detail missing
refers to the blurry textures in the different parts of the image
[11], [12]. It conceals and weakens the structure boundary and
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Fig. 1. The contribution of our hierarchical perception adversarial
learning framework (HP-ALF). HP-ALF utilizes hierarchical perception
to address the challenge of aliasing artifacts. This challenge is derived
from the high undersampling in CS-MRI, which applies the sampling
patterns to the input data. It results in noise-like texture and missing fine
details in the image domain. Hierarchical perception includes image-level
perception and patch-level perception. They can reduce the visual
perception difference from overall perspective and regional perspective,
and thus remove noise-like texture and restore fine details.

the texture details and results in the unrealistic appearance of
small structures. The unrealistic image appearance reduces the
perceptual quality of the reconstructed image.

Existing CS-MRI methods have difficulty addressing the
challenge of aliasing artifacts [11], [13], [14]. Although they
perform well under the interference of noise-like texture
[15], [16], aliasing artefacts still come from the missing fine
details [12], [17]. This is because these methods perceive
the visual difference between the reconstructed image and
original image in the overall perspective (for removing noise-
like texture), rather than in the regional perspective (for
restoring the fine details). First, conventional CS-MRI methods
tend to focus on low-frequency image information owing
to hand-crafted feature extraction rather than high-frequency
information corresponding to fine details [14], [15]. This
corrupts the reconstruction of the fine details. Second, the
existing deep-learning-based CS-MRI methods also face this
difficulty, although they enable both high- and low-frequency
information extraction [16], [18], [19]. They usually rely on
the computation of the pixel-wise distance in the spatial or
frequency domain, and thus have to smooth the fine details in
the reconstructed image [11], [12], [20]. This may lead to diffi-
culty in reducing the visual perception difference between fine
details. Third, adversarial learning methods can reconstruct the
image with fine details by bringing in the distribution distance
[11], [12], [21], [22], [23]. However, these methods recover
fine details from the overall perspective. This is because the
information of these details is related to the attributes in
different image regions. These attributes represent the parts of
the image, including the different levels of aliasing artifacts.
The level of aliasing artifacts changes in different image
regions and influences the attributes in the reconstruction of

fine details. Therefore, the visual perception difference needs
to be measured not only from the overall perspective but also
from the regional perspective.

In this paper, we propose the hierarchical perception adver-
sarial learning framework (HP-ALF) to tackle the challenge
of aliasing artifacts, as shown in Figure 1(b). It builds the
perception of image information by the hierarchical mech-
anism: image-level and patch-level. First, image-level per-
ception refers to the extraction of the image information
from the overall perspective. It perceives and calculates the
global aliasing artifacts, and thus reduces the visual per-
ception difference in the entire image. Second, patch-level
perception refers to the extraction of detailed information
from the regional perspective. It perceives and calculates the
local aliasing artifacts and thus reduces the visual percep-
tion difference in the different regions of the image. Thus,
HP-ALF not only builds the image-level perception to reduce
the visual perception difference from the overall perspective,
but also enables the patch-level perception from the regional
perspective. It can remove noise-like textures and restore the
fine details simultaneously, thus reducing image distortion
and improving perceptual quality. Specifically, HP-ALF is
implemented by the multilevel perspective discrimination.
It matches the distributions of the reconstructed image and the
original image by comparing their quality difference from both
the overall and regional perspectives. Therefore, it facilitates
the reconstruction of high-quality images.

Our contributions can be summarized as follows:
1. We develop a CS-MRI framework to reconstruct high-

quality MRI images. It enables the hierarchical perception
by multilevel perspective discrimination to reduce the visual
perception difference from the overall perspective and the
regional perspectives. This framework can achieve both the
noise-like texture removal and fine detail restoration to address
the aliasing artifacts owing to the high undersampling.

2. We design a minimization problem for CS-MRI to
evaluate the perceptual quality from the overall and regional
perspectives. To solve this problem, we extract the global and
local structure information as well as the slice information in
the image sequence. First, we build a global and local coherent
discriminator to provide the detailed per-pixel decision to
the generator while maintaining the global coherence of the
reconstructed images. Then, the context-aware learning block
in the generator exploits the slice information from the MRI
sequence.

3. We validate our framework on three datasets for different
anatomical structures (brain, heart, knee). The experimental
results demonstrate the effectiveness of our framework, as well
as its superiority to comparative CS-MRI methods.

This work advances our preliminary work in MICCAI 2020
[24]. First, it extends the minimization problem that is applied
to the noise-like texture removal and restores the fine details
simultaneously. Second, it designs a novel objective func-
tion that transforms the single-level perspective discrimination
into the multilevel perspective discrimination for perceptual
quality improvement. Third, it extends the discriminator to
a U-net-based architecture that can reconstruct globally and
locally coherent images for fine detail preservation. Finally, the
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experiments are extended to three datasets imaging different
organs and three more validations (evaluating the effectiveness
of the proposed objective function, the U-net-based discrimi-
nator, and the context-aware learning block).

II. RELATED WORKS

The current CS-MRI methods can be broadly classi-
fied into conventional CS-MRI methods, traditional deep
learning-based CS-MRI methods, and adversarial learning
based CS-MRI methods. However, these methods ignore the
restoration of fine details.

First, conventional CS-MRI methods have the challenge of
extracting high-frequency information for feature represen-
tation of fine details. These methods include sparsity-based
and dictionary learning-based CS-MRI. First, sparsity-based
CS-MRI reconstruction methods have been developed to lever-
age the sparsity of signals by using predefined and fixed
sparse transformations [4], [25] and exploiting spatiotem-
poral correlations [15]. These methods usually rely on the
experience-based determination of what kind of low-frequency
image information is helpful. Second, compared to sparsity-
based methods, the dictionary learning (DL) can generate
data-specific dictionaries and improve image quality [26], [27].
However, the dictionary learning method has difficulty recon-
structing high-frequency features because these dictionaries
are still designed based on low-frequency image features.

In addition, existing CS-MRI methods still difficulty recon-
structing realistic fine details, although deep learning shows
high potential in many medical image applications [28],
[29], [30], [31], [32]. Compared with conventional CS-MRI
methods, existing deep learning-based methods can extract
the high- and low-frequency features. These methods can
be divided into two classes [13]. First, end-to-end optimiza-
tion models the inverse acquisition to achieve the fast MRI
reconstruction. For example, Feng et al. [16] introduced an
end-to-end task transformer network (T2Net) utilizing an
ℓ1 loss function. Second, unrolled optimization incorporates
prior domain knowledge about the expected properties of MR
images. For example, Qin et al. [18] proposed a convolutional
recurrent neural network (CRNN) method based on unrolled
optimization with the pixel-wise distance in the spatial domain.
Guo et al. [33] proposed an unrolled model based on the
novel convolutional recurrent neural network (OUCR) with ℓ1
loss. Hu et al. [34] proposed a self-supervised unrolled model
(SSL-MRI) based on the parallel network training framework
with a pixel-wise loss. However, these methods fail to recon-
struct the realistic fine details. This is because it is difficult to
improve the perceptual quality of fine details by reducing the
visual perception difference. The visual perception difference
is associated with the distance between the reconstructed
image distribution and the original image distribution [20].
These deep-learning-based methods have difficulty calculating
this distribution distance [20].

Furthermore, adversarial learning can introduce the dis-
tribution distance to further reduce the visual perception
difference [11], [12], [21], [22], [35]. However, it is still
unsatisfactory for recovering fine details. Adversarial learning

methods enable the computation of the distribution distance
[20]. Thus, these methods can capture and reduce visual
perception differences to improve the perceptual quality of
the reconstructed image. The existing methods can be divided
into two classes. First, the loss-variant model utilizes auxiliary
penalties to improve the perceptual quality of the reconstructed
image. For instance, Yang et al. [11] proposed a combination
of pixel-wise, perceptual, and GAN losses to achieve fast
CS-MRI utilizing the conditional generative adversarial net-
work-based model (DAGAN). Mardani et al. [12] proposed
a mixture of pixel-wise and least-squares GAN (GANCS)
losses in which the least-squares GAN learns the texture
details and the pixel-wise loss suppresses high-frequency
noise. Second, the architecture-variant model relies on the MRI
data characteristics to improve the reconstruction performance.
For example, Shaul et al. [17] proposed a two-stage GAN
framework (Sub-GAN) including a cascade of a k-space and
an image-space U-Net with a mixture loss. Korkmaz et al.
[36] proposed a novel unsupervised MRI reconstruction based
on an unconditional deep adversarial network (SLATER) uti-
lizing a mixture loss. Wei et al. [37] introduced a two-stage
generative adversarial network utilising cross-domain learning
with ℓ1 and ℓ2 pixel-wise loss. However, these methods have
difficulty improving the perceptual quality of fine details. This
is because they reduce the visual perception difference only
from the overall perspective and thus lead to the unrealistic
reconstruction of the fine details.

III. METHOD

A. Problem Statement

Let x ∈ CN be the slice of 2D images to be reconstructed,
where each slice consists of

√
N ×
√

N pixels for one image.
The problem is to reconstruct x from y ∈ CM (M ≪ N ),
undersampled measurements in k-space, such that y = Fux+ϵ.
Fu is the undersampling Fourier encoding operator and ϵ is
complex Gaussian noise [7]. However, such measurements
are underdetermined even in the absence of noise because
of the violation of the Nyquist-Shannon sampling theorem
[4]. Therefore, the corresponding linear inversion for CS-MRI
xu = FH

u y is usually ill-posed, where H denotes the Hermitian
transpose operation. xu suffers from the challenge of aliasing
artifacts. The artifacts result in noise-like textures and miss-
ing fine details in the image domain. The existing CS-MRI
methods address the challenge by formulating a minimization
problem [4], [11]:

min
x

λ ∥y− Fux∥22 +R(x), (1)

where ∥y− Fux∥22 is the data fidelity term [7] and R(x) is the
regularization term. λ is the regularization parameter. How-
ever, these methods have difficulty removing noise-like tex-
tures and restoring fine details simultaneously. This is because
Equation (1) tends to realize noise-like texture removal but
neglects fine detail recovery. The detailed image informa-
tion is related to the attributes in different image regions.
These methods can only perceive the image from the overall
perspective. Therefore, CS-MRI reconstruction requires both

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on February 28,2026 at 11:29:02 UTC from IEEE Xplore.  Restrictions apply. 



1862 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 42, NO. 6, JUNE 2023

Fig. 2. Overview of our HP-ALF. (a) HP-ALF utilizes multilevel perspective discrimination to achieve the hierarchical perception by providing
information from the overall perspective and the regional perspective. (b) Our global and local coherent discriminator utilizes a U-net-based
architecture to provide fine details information during training. It is achieved by using the decoder of U-net to provide a detailed per-pixel decision
to the generator. (c) Context-aware learning generator includes a U-net-based architecture and a context-aware learning block. U-net can utilize 2D
spatial information while the context-aware learning block can exploit 3D spatial feature from the sequential MRI data.

noise-like texture removal and fine detail recovery from differ-
ent perspectives. HP-ALF builds an additional regularization
term (i.e., a hierarchical perception term) in Equation (1).
This term can reduce the visual perception difference from the
overall perspective and the regional perspective. The CS-MRI
reconstruction problem can be reformulated as a different
minimization problem:

min
x,v

∫
v

(∥∥vx − fG
(
vxu

)∥∥2
2

)
dv + ∥x − fG (xu) ∥22

+ λ ∥y− Fux∥22 +R(x),

R(x) =
∑
i, j

∥∥[ fD (x)]i, j − fD ( fG (xu))]i, j
∥∥ (2)

where fG : CN
7→ CN is the model that reconstructs

images from xu to address the challenge of aliasing artifacts.
fD represents the model that outputs local (per-pixel) changes
between the reconstructed image and the original image.
xu represents the n slices of sequential MRI images. Further
explanations of the variable v, hierarchical perception term
and regularization term are as follows.

1) The Variable v: The variable v is the mathematical symbol
of the attribute. The attribute represents the parts of the image
with different levels of aliasing artifacts. Thus, vx represents
the parts of the reconstructed image x with different levels
of aliasing artifacts. vxu represents those of the zero-filled
reconstruction xu . Then, the term

∫
v

(∥∥vx − fG
(
vxu

)∥∥2
2

)
dv in

Equation (2) aims to compute the difference in the attributes
between the reconstructed image and the original image. This
facilitates Equation (2) in focusing on the removal of local
aliasing artifacts in different regions. Specifically, Equation
(2) utilizes the ℓ2 distance to calculate the difference of the
variable v. Then, it sums up all the difference results to obtain
the integral result of

∫
v

(∥∥vx − fG
(
vxu

)∥∥2
2

)
dv.

2) Hierarchical Perception Term: This term is the additional
regularization term in Equation (1), including two parts.

First,
∫

v

(∥∥vx − fG
(
vxu

)∥∥2
2

)
dv represents the difference in

the local aliasing artifact between the reconstructed image
and the original image. Therefore, it can calculate and reduce
the visual perception difference in the different regions of the
image and thus recover fine details. Second, ∥x − fG (xu) ∥22
represents the difference in the global aliasing artifact between
the reconstructed image and the original image. Therefore,
it can calculate and reduce the visual perception difference in
the entire image, and thus achieve the aliasing artifact removal.

3) Regularization Term: The term R(x) in Equation (2)
represents the local difference of the images at pixel (i, j)
calculated by the model fD. It provides the detailed per-pixel
decision during the optimization process while maintaining the
global coherence of the reconstructed images.

Our HP-ALF achieves Equation (2) by image-level percep-
tion and the patch-level perception. Image-level perception and
patch-level perception are represented by the first term and the
second term in Equation (2), respectively. They can reduce
the visual perception difference from the overall perspective
and the regional perspective. Specifically, HP-ALF constructs
the encoder of the global and local coherent discriminator
to achieve image-level perception and patch-level perception.
The decoder of this discriminator can preserve the fine details.
Then, a context-aware learning block in the generator exploits
the slice information. In addition, the loss function in HP-ALF
can be optimized for Equation (2). Figure 2 shows the details
of the HP-ALF.

B. Multilevel Perspective Discrimination
We propose multilevel perspective discrimination in

HP-ALF to achieve the patch-level perception and image-level
perception in Equation (2), as shown in Figure 2(a). It is
built by the objective function of the generative adversarial
network (GAN) including image-level perspective discrimi-
nation and patch-level discrimination. First, the patch-level
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perspective discrimination refers to
∫

v

(∥∥vx − fG
(
vxu

)∥∥2
2

)
dv

in Equation (2). It measures the difference in v between
the reconstructed image and the original image. Therefore,
it can provide information from the regional perspective for
distribution matching in adversarial learning. Second, image-
level perspective discrimination refers to ∥x − fG (xu) ∥22 in
Equation (2). It measures the difference between the recon-
structed image and the original image. Therefore, it can pro-
vide information from the overall perspective for distribution
matching in adversarial learning. The encoder of the discrim-
inator in HP-ALF is constructed based on ∥x− fG (xu) ∥22 and∫

v

(∥∥vx − fG
(
vxu

)∥∥2
2

)
dv. The optimization process of the

encoder is presented as a two-player min-max value function.
This value function includes the discriminator loss and the
generator loss for the model training.

Specifically, the output of the encoder in the discriminator
is applied as the input of this discrimination. The output of
the encoder is divided into two parts. The first part is a scalar
as that in the traditional adversarial learning method [21]. It is
the mean value of the feature map obtained from the last layer
of the encoder. This scalar represents the difference between
the entire reconstructed image and the entire original image.
Therefore, it can be used to achieve image-level perspective
discrimination. The second part is the feature map obtained
from the last layer in the encoder. It can be flattened as a
discrete distribution pperspective. This distribution is constructed
based on the variable v. Each element in this distribution
corresponds to an image attribute. Therefore, this distribution
can be applied for patch-level perspective discrimination. For
the input sample x, the corresponding discriminator output can
be represented as D(x) =

{
pperspective (x, v); v ∈ �

}
, where

� is the set of outcomes of pperspective . Each outcome v
corresponds to the attribute in different regions. To measure the
distance between distributions, HP-ALF constructs two normal
distributions with a positive skew and a negative skew as R1
(real) andR0 (fake), respectively, similar to the virtual ground-
truth scalars 0 and 1 in the standard GAN. R1 and R0 are also
defined on �. Accordingly, the JS divergence in the standard
GAN is replaced with the Kullback-Leibler (KL) divergence.
The min-max game between G and D thus becomes:

max
G

min
D

V (G, D)

= Ex∼pdata

[
DKL (R1(v)∥D(x))+ log(D(x))

]
+Ex∼pg

[
DKL (R0(v)∥D(x))+ log(1− D(x))

]
. (3)

where D in Equation (3) corresponds to the encoder of
the discriminator. It aims to maximize the value function in
Equation (3). Thus, the loss for D can be formulated as:

LDU
enc
= −Ex∼pdata

[
DKL(R1(v)∥DU

enc(x))+ log(DU
enc(x))

]
−Ex∼pg [DKL(R0(v)∥DU

enc( fG (x)))

+ log(1− DU
enc( fG (x)))], (4)

where DU
enc is the encoder of the discriminator (i.e., D in

Equation (3)). fG represents the generator G. Correspondingly,
G aims to minimize the value function in Equation (3). Thus,

Fig. 3. The network details of the global and local coherent discriminator.
The encoder in our discriminator represents the features and downsam-
ples it in each level. The decoder in our discriminator represents the
features and then upsamples it in each level. This discriminator also
performs the multi-level discrimination for the reconstructed images.

the adversarial loss for G becomes:

Ladv1 = −Ex∼pg [DKL(R0(v)∥DU
enc( fG (x)))

+ log(1− DU
enc( fG(x)))], (5)

The optimization of Equation (3) requires that HP-ALF
reaches the Nash equilibrium. This further leads to the opti-
mality of the generator and the discriminator. Specifically,
Theorem 1 states that D can reach its optimality for any
given generator G. Then, in Theorem 2, G can also reach
its optimality when D satisfies this optimality condition. The
proofs for Theorems 1 and 2 are presented in Appendix I.

Theorem 1: When G is fixed, for any outcome v and input
sample x , the optimal discriminator D satisfies

D⋆
G(x, v) =

pdata (x)

pdata (x)+ pg(x)

+
R1(v)pdata (x)+R0(v)pg(x)

pdata (x)+ pg(x)
Theorem 2: When D = D⋆

G , and there exists an outcome
v ∈ � such that R1(v) ̸= R0(v), the maximum of V

(
G, D⋆

G
)

is achieved if and only if pg = pdata

C. Global and Local Coherent Discriminator
HP-ALF utilizes the decoder of the global and local

coherent discriminator (shown in Figure 3) to achieve the
regularization term

∑
i, j

∥∥[ fD (x)]i, j − [ fD ( fG (xu))]i, j
∥∥ in
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Equation (2). This decoder can improve the ability to recon-
struct globally and locally coherent images in existing adver-
sarial learning. This is because, in the existing adversarial
learning, these discriminators often focus either on the global
structure or local details and thus provide insufficient infor-
mation for the generator [38]. In contrast, HP-ALF builds
the global and local coherent discriminator to provide the
detailed per-pixel decision to the generator while maintaining
the global coherence of reconstructed images. The decoder
of this discriminator in HP-ALF is constructed based on
the term

∑
i, j

∥∥[ fD (x)]i, j − [ fD ( fG (xu))]i, j
∥∥. It outputs the

classification on every pixel (i, j) and then calculates the
classification difference over all pixels between xt and fG (xu).
The optimization process of the decoder can be formulated
in a loss function. Then, this loss function can construct an
adversarial loss for the generator to receive the global and
local feedback from the decoder.

Specifically, the discriminator DU (x) has a U-net-based
architecture including the encoder DU

enc and the decoder DU
dec.

The output of encoder DU
enc includes two parts. The first part

is the feature map at the last layer in the encoder. It is applied
for the multilevel perspective discrimination. This enables the
encoder DU

enc to act as a discriminator to classify the image
as real or fake, as mentioned in Section III-B. The second
part includes the feature maps from the multiple levels in the
encoder. The input of the decoder DU

dec includes the two parts
of the output of the encoder. The first part is fed into the
decoder for subsequent upsampling. The second part of the
encoder output is fed to the corresponding levels in the decoder
by skip connection. It can perform the classification on
a per-pixel basis, segmenting image x into real and fake
regions. Therefore, the discriminator loss can be formulated
by taking the decisions from both DU

enc and DU
dec: LDU =

LDU
enc
+ LDU

dec
, where DU

enc outputs the discrimination distri-
bution score from the multilevel perspective discrimination and
DU

dec outputs the per-pixel decision. The loss for the decoder
LDU

dec
is formulated as the mean decision over all pixels:

LDU
dec
= −Ex∼pdata

[ ∑
i, j

log
[

DU
dec(x)

]
i, j

]
−Ex∼pg

[ ∑
i, j

log
(
1−

[
DU

dec(G(x))
]

i, j

)]
, (6)

where
[
DU

dec(x)
]

i, j and
[
DU

dec(G(z))
]

i, j are the local

(per-pixel) decisions of the images at pixel (i, j). HP-ALF
encourages the discriminator to provide the detailed per-pixel
decision to the generator. Therefore, the discriminator can
help the generator maintain the global coherence of the
reconstructed images by providing global image feedback.
Correspondingly, the adversarial loss in Equation (6) becomes:

Ladv2 = −Ex∼pg

[ ∑
i, j

log
[

DU
dec ( fG(x))

]
i, j

]
. (7)

D. Context-Aware Learning Generator

The context-aware learning generator fG in Equation (2)
aims to reconstruct the artifacts-free MR images from xu .

As shown in Figure 2(c), the context-aware learning generator
includes a U-net-based architecture fUnet and a context-aware
learning block fCAL. The generator is defined as follows:

x̂u = fUnet (xu) , xrec = fCAL
(
x̂u

)
, (8)

where xu is the input for the generator. x̂u and xrec are the
outputs of fUnet and fCAL, respectively. The U-net based archi-
tecture fully utilizes the 2D spatial information in each slice,
but neglects the correlation between adjacent 2D slices. The
insufficient prior information leads to the inaccurate recon-
struction of the fine details [24]. Therefore, the context-aware
learning block exploits the 3D spatial feature from the input
sequence of the MRI data. Specifically, this block utilizes
the enhancement ConvLSTM (i.e., Bi-ConvLSTM) to achieve
the exploration of 3D semantic knowledge. The LSTM unit
contains a memory cell Ct , an input gate it , a forget gate ft ,
an output gate ot , and an output state Ht . However, ConvL-
STM replaces LSTM by fully connected transformations with
spatial local convolutions. ConvLSTM can be formulated as
follows:

it = σ (Wxi ∗ Xt +Whi ∗Ht−1 +Wci ∗ Ct−1 + bi )

ft = σ
(
Wx f ∗ Xt +Wh f ∗Ht−1 +Wc f ∗ Ct−1 + b f

)
Ct = ft ◦ Ct−1 + it tanh (Wxc ∗ Xt +Whc ∗Ht−1 + bc)

ot = σ (Wxo ∗ Xt +Who ∗Ht−1 +Wco ◦ Ct + bc)

Ht = ot ◦ tanh (Ct ) , (9)

where σ and ◦ denote the convolution and Hadamard func-
tions, respectively. Xt is the input tensor. Bi-ConvLSTM uses
two ConvLSTMs to process the input data into two directions
of the forward and backward paths and then makes a decision
for the current input by dealing with the data dependencies
in both directions. The output of Bi-ConvLSTM can be
calculated as:

Yt = tanh(W
−→
H
y ∗
−→
H t +W

←−
H
y
←−
H t + b), (10)

where
−→
H t and

←−
H t denote the hidden state tensors for the for-

ward state and the backward state, respectively, W
−→
H
y and W

←−
H
y

denote the weight parameters for
−→
H t and

←−
H t , respectively. b

is the bias term, and Yt indicates the final output considering
bidirectional information. Through the Bi-ConvLSTM module,
HP-ALF can learn the fine details of MRI data slices.

E. Loss Function and Implementation Details
The loss function for Equation (2) consists of a content loss

and an adversarial loss. The content loss function is basically
made up of a frequency-domain MSE loss and a perceptual
VGG loss. The whole loss function can be formulated as

LTOTAL = αLfMSE + βLVGG + Ladv, (11)

where α and β are hyperparameters. Ladv represents the
adversarial loss. LfMSE is the frequency-domain MSE loss and
LVGG is the perceptual VGG loss.

The adversarial loss in Equation (11) includes two
parts. First, Ladv1 is the adversarial loss based on the
optimization process in Equation (3). It can optimise
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∫
v

(∥∥vx − fG
(
vxu

)∥∥2
2

)
dv and ∥x− fG (xu) ∥22 in Equation (2).

Second, Ladv2 is the adversarial loss based on the loss function
in Equation (6). It can optimize the regularization term R(x)

in Equation (2). The whole adversarial loss function can be
formulated as:

Ladv = −Ex∼pg

[
DKL

(
R0∥DU

enc( fG (x))
)

+ log(1− DU
enc( fG (x)))−

∑
i, j

log
[

DU
dec ( fG(x))

]
i, j

.

(12)

The content loss can improve the perceptual quality of
reconstruction. It includes a VGG loss and a frequency-domain
MSE loss as constraints formulated as:

LfMSE =
1
2

∥∥yt − ŷu
∥∥2

2 ,LVGG =
1
2
∥ fVGG (xt )

− fVGG
(
x̂u

)∥∥2
2 . (13)

LfMSE represents the difference between the reconstructed
image and the original image in the frequency domain.
Therefore, it can be applied to achieve the data fidelity
term λ ∥y− Fux∥22 in Equation (2). LVGG is an additional
regularisation term R(x) to constrain the solution space, where
fVGG denotes VGG feature maps of VGG16.

HP-ALF consists of the context-aware learning generator
and the global and local coherent discriminator. The generator
G includes a U-net-based architecture and a context-aware
learning block. The U-Net-based architecture consists of eight
convolutional layers (encoder layers) and eight corresponding
deconvolutional layers (decoder layers). The numbers of the
filters are 64, 128, 256, 512, 512, 512, and 512 in the encoder
layers and 1024, 1024, 1024, 1024, 512, 256, and 128 in the
decoder layers. Each layer in G uses a kernel with size k =
3 with the batch normalization and leaky ReLU layers behind
it. The subsequent module of the U-Net-based architecture
is the context-aware learning block. It has a Bi-ConvLSTM
block, where the kernel size is k = 3 and the feature
map channel inside is 32. G also applies refinement learning
to connect layers between the input and the output of the
context-aware learning block. The architecture of D is similar
to the U-net-based architecture of G. In addition, D cas-
cades three dense convolutional layers after the encoder layer,
and the sigmoid activation function outputs the classification
results.

HP-ALF uses 5 consecutive 2D slices from 3D data as the
input sequence. It also normalizes the intensities of all 2D
slices into the range between −1 and 1 [11]. These adjacent
slices are fed into the network in chip orders. Then, the output
of the U-net is reshaped into the input of the context-aware
learning block. The discriminator uses the original or gener-
ated image as input with a size of 256×256. In the discrimina-
tor, the encoder represents and downsamples the input image
to a feature map (channels=10, columns=4, rows=4). This
feature map is then transformed to a 10 × 1 feature vector
by global sum pooling. The decoder applies the feature maps
as input and upsamples it in each level until it reaches the
original image size of 256× 256.

IV. EXPERIMENT AND RESULTS

A. Data Collection

The experiments are carried out on three MRI datasets.
(1) Brain MRI dataset: This is the MICCAI 2013 grand
challenge dataset.1 It contains 150 3D patient data with
42750 slices. Each patient data includes about 285 slices
with 256 × 256 pixels. (2) Cardiac MRI dataset: This is
the 2018 Atrial Segmentation Challenge dataset.2 It con-
tains 100 3D LGE MRI patient data with 5920 slices. Each
patient data includes about 60 slices with 256 × 256 pixels.
A whole-body MRI scanner is used for this dataset. The image
acquisition resolution is 0.625mm2. (3) Knee MRI dataset:
This is the FastMRI dataset.3 It contains 96 3D patient data
with 3270 slices. Each patient data includes about 35 slices
with 256 × 256 pixels. Each dataset is divided into training
data (70%), validation data (20%) and test data (10%). In
all 3D data, we exclude the slices at the edge, where the
number of void pixels is greater than 90%. For the three
datasets, the DICOM data are collected, rather than the raw
k-space data. Not using the raw k-space data results in the
inequality of image quality between the ground truth image
and the fully sampled raw data. This is because the raw
k-space data directly correspond to the originally measured
raw data [39], [40]. However, the use of DICOM data con-
siders the reproducibility and generality of the reconstruction
method. This is because clinical centers usually save the image
data [40].

To reduce the extra computational burden, the strategy in
[11] is applied to handle the complex-valued data. Specifi-
cally, the real-valued information can be embedded into the
complex space using an operator Re∗ : RN

7→ CN such that
Re∗(x) = x+ 0i , and therefore the MRI forward operator can
be expressed as F : RN Re∗

7→ CN
7→ FCN

7→ UCM , where Fu
combines the Fourier transform F and random undersampling
operators U .

The experiments utilize the single-coil MRI data for train-
ing, although most existing methods utilize the multi-coil MRI
data. This is because HP-ALF utilizes the zero-filling images
that come from the preprocessing of raw multi-coil or single-
coil data, while existing methods utilize the multi-coil MRI
data to extract the coil sensitivity [39]. Therefore, it does
not affect HP-ALF whether the data input is single-coil
or multi-coil in the reconstruction process. Moreover, the
single-coil MRI image obtained by data preprocessing is of
lower quality at the same acceleration factor [39]. Therefore,
it is more challenging for HP-ALF to use the single-coil
MRI data as input compared with the multi-coil MRI data.
In addition, HP-ALF, similar to other GAN-based meth-
ods, can combine the parallel imaging strategy and transfer
learning for multichannel imaging [43], [44]. The extension
to multi-coil MRI data will be considered in the future
studies.

1http://masiweb.vuse.vanderbilt.edu/workshop2013/index.php/
2https://atriaseg2018.cardiacatlas.org/
3https://fastmri.org/dataset/
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B. Evaluation Metrics and Training Details

The evaluation metrics include the peak signal-to-noise ratio
(PSNR), the structural similarity index (SSIM), the Fréchet
inception distance (FID) and the perceptual similarity measure
(PSIM). PSNR evaluates the perceptual quality of recon-
struction [20]. SSIM measures the perceptual similarity of
images [45]. FID is a similarity measure between two datasets
that correlates well with human judgments of visual quality.
It evaluates the similarity between the set of generated images
and the corresponding fully sampled images [46]. PSIM is a
perceptual image quality assessment (IQA) metric based on
the human visual system. It evaluates the similarity of local
details between the input original and distorted images [47].

HP-ALF uses the Adam optimizer with a batch of four
subjects per step and an initial learning rate of 0.0003 during
the training process. To balance the weights of different losses
in Equation (11) into similar scales, α is set to 15 and β is
set to 0.1 according to [11]. The learning rate is halved every
5 epochs. Early stopping is used when the validation loss stops
decreasing for 50 epochs.

C. Results

Comparison with CS-MRI Methods. We compare
HP-ALF with seven CS-MRI methods, including conventional
methods and deep-learning-based methods. The conventional
methods include the total variation (TV) [14] and ADMM
[41]. The deep-learning-based methods include Deep ADMM
[42], DAGAN [11], CRNN [18], Sub-GAN [17] and SSL-MRI
[34]. All comparison methods and HP-ALF use the baseline
zero-filling reconstruction for initialization to achieve the fair
comparison. In addition, all comparison methods use the
default parameters recommended in their papers.

Figure 4 shows the results of the method comparison under
different undersampling conditions. The image data are first
transformed to the k-space data. Then the k-space data are
undersampled using three masks: 1D Gaussian (G1D), 2D
Gaussian (G2D), and 2D Poisson disc (P2D). Each mask
retains 10%, 30%, and 50% of the data to achieve the 10×,
3.3×, and 2× acceleration, respectively. The results show
that HP-ALF achieves the best scores in PSNR, SSIM and
FID, especially for the 1D Gaussian disc mask at 10× speed-
up. The values of PSNR, SSIM, FID and PSIM obtained by
HP-ALF are 32.42, 0.94, 90.79, and 0.90, respectively, in brain
data; 33.41, 0.95, 80.72, and 0.91, respectively, in cardiac
data; and 35.75, 0.99, 77.54, and 0.93, respectively, in knee
data. These values are better than the other methods. However,
DAGAN, deep ADMM and SSL-MRI can achieve higher
PSIM values in knee data as 0.94, 0.93, and 0.94, respectively,
at 3.3× and 0.95, 0.94, 0.95, respectively, at 2× speed-up.

Figure 5 shows the visualization of the method comparison
for the sample reconstructed images. The results show that
HP-ALF returns the sharpest images with fine details in
brain data and cardiac data, as apparent from the magnified
regions. Although CRNN and DAGAN can also return the
sharp images, the reconstruction of the fine tissue structure
is less detailed than that reconstructed by HP-ALF. Then,
Sub-GAN and SSL-MRI reconstruct the textures with less

Fig. 4. Quantitative results (PSNR, SSIM, FID and PSIM) of the compar-
ison study using different random undersampling masks (Gaussian 1D,
Gaussian 2D and Poisson 2D). 10%, 30%, 50% represent the percentage
of the data sampling in the k -space data obtained from original image
data.

noise, but with unsatisfactory performance in reconstructing
the fine details. For example, the areas within the block in
Figure 5 show the unrealistic texture details in Sub-GAN and
SSL-MRI. Moreover, ADMM and zero-filling reconstruction
have difficulty inhibiting the remaining noise-like textures.
However, Deep ADMM, DAGAN, Sub-GAN and SSL-MRI
can achieve smaller error maps and retain fewer aliasing
artifacts. Furthermore, these methods have better PSIM per-
formance in knee data as the values are 0.9252, 0.9477,
0.9356 and 0.9450, respectively. This is because the evaluation
of the local and detailed information by PSNR, SSIM and
FID are affected by global similarity from the perspective of
the single-scale structure. Then this evaluation may be also
affected by the nonsalient area (e.g., background) with fewer
aliasing artifacts, when the remaining aliasing artifacts mainly
appear in the bone areas of the local image In addition, the
Knee dataset contains more random noise. The random noise
and texture details are indistinguishable with respect to other
datasets. Thus, HP-ALF may perceive random noise as the
texture detail of the image during learning.

Table I presents the number of parameters and the recon-
struction time of all methods. The results show that HP-ALF
has the third largest number of parameters and the third
fastest speed among all methods. Although Deep ADMM and
CRNN have fewer numbers of the parameters than HP-ALF,
they do not complete the reconstruction at the same time.
Similarly, although DAGAN is faster than HP-ALF, it has
more parameters. SSL-MRI can achieve the lowest number
of parameters and the fastest speed in all methods, but its
performance does not reach that of HP-ALF.
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Fig. 5. Qualitative comparison with some representative methods using
30% of the k -space data and 1D Gaussian mask. Red boxes illustrate
the enlarged view. The right panel images in different datasets illustrate
the difference view. The numbers in the images are the PSNR, SSIM,
FID and PSIM values.

TABLE I
RECONSTRUCTION TIME AND PARAMETERS OF THE COMPARISON

STUDY. “NUM OF PARAM” MEANS THE NUMBERS OF THE PARAMETERS

IN THE COMPARED MODELS. “±” MEANS STANDARD DEVIATION

Noise Suppression Comparison. It compares the noise
suppression performance of HP-ALF with that of the compar-
ative methods. Gaussian noise is used because it is suitable to
simulate the natural noise of MRI. The natural noise of MRI
mainly comes from the thermal noise of the scanned object.
Gaussian noise is commonly used for simulating thermal

Fig. 6. The comparison of reconstruction performance using Gaussian
noise in different noise levels. The comparison uses 1D Gaussian mask
and 30% percentage for data sampling. The upper, middle, and below
panels show the results of the brain MRI dataset, the cardiac MRI dataset,
and the knee MRI dataset respectively.

noise in k-space [48], [49], [50]. Moreover, Gaussian noise
is also widely used in existing CS-MRI methods [51], [52],
[53]. These methods motivate us to insert Gaussian noise in
k-space for the noise suppression experiment. Specifically, this
experiment adds additive white Gaussian noise to the k-space
before applying the undersampling during training and testing.
For the comparative analysis, the Gaussian noise is varied
from 5% to 20%. In addition, the comparison study uses a
1D Gaussian mask and is performed on 30% data sampling.
Additionally, the noise level estimation method in [54] is
applied to evaluate the residual noise after noise suppression.

Figure 6 shows the noise suppression performance of
HP-ALF at different noise levels by PSNR. The PSNR of
HP-ALF is a higher mean value than those of the other
methods. In particular, HP-ALF achieves the best PSNR
values in all the datasets at the highest Gaussian noise level
(i.e., noise 20%) with 36.28 for the brain data, 32.91 for the
cardiac data and 30.78 for the knee data. Figure 7 shows the
noise suppression performance of HP-ALF at different noise
levels by the residual noise level. Especially for the highest
Gaussian noise level (i.e., noise 20%), HP-ALF achieves the
lowest value of the residual noise levels in all the datasets
with 0.02 for the brain data, 0.04 for the cardiac data, and
0.09 for the knee data. These results indicate that HP-ALF
can effectively reduce the residual noise in the reconstructed
images.

Performance of Different Components in HP-ALF. The
ablation study evaluates how changes in the main compo-
nents of HP-ALF affects its performance. (1) without MPD:
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Fig. 7. The comparison of noise reduction performance using Gaussian
noise in different noise levels by the residual noise level. The comparison
uses 1D Gaussian mask and 30% percentage for data sampling. The
upper, middle, and lower panels show the results of the brain MRI dataset,
the cardiac dataset, and the knee dataset, respectively. The estimated
value of the noise level is proportional to the residual noise.

the method without the multilevel perspective discrimination;
(2) without CAL: the method without thecontext-aware learn-
ing block; (3) without GLC: the method without the global and
local coherent discriminator; (4) HP-ALF: the method with
the multilevel perspective discrimination, the context-aware
learning block and the global and local coherent discriminator
(5) with TAL: the method without the multilevel perspective
discrimination and the global and local coherent discriminator,
utilizing the traditional adversarial loss instead of the proposed
adversarial loss. In addition, we compare the different loss
components in Equation (11) to validate the effectiveness of
the loss in HP-ALF. (1) HP-ALF: the whole loss function in
Equation (11); (2) without MPD: the loss function without
Ladv1 (i.e., without the multilevel perspective discrimina-
tion); (3) without LfMSE: the loss function without LfMSE;
(4) without Lvgg: the loss function without LVGG; (5) with
TAL: the loss function using the traditional adversarial loss
instead of the proposed adversarial loss in Equation (11);
(6) without GLC: the loss function without Ladv2 (i.e., without
the decoder of the discriminator).

Table II shows the effectiveness of the current configuration
in HP-ALF for all evaluation metrics. In particular, the values
of PSNR in HP-ALF for the three datasets are 40.33, 37.45,
34.32. The FID values for the Brain dataset, the Cardiac
dataset and the Knee dataset are 55.75, 58.46, and 112.56,
respectively. These results indicate that the current configura-
tion of HP-ALF achieves superior reconstruction performance.

Figure 9(a) shows that all loss functions increase quickly
and converge after several epochs. Moreover, HP-ALF with the
whole loss function enables faster convergence with respect to
other loss functions. For the loss function without the content
loss, HP-ALF without LVGG and LfMSE obtain the third and
fourth fastest convergence, respectively. For the loss function
without the proposed adversarial loss, HP-ALF without GLC,
HP-ALF without GLC and HP-ALF without MPD obtains
the second, fifth and sixth fastest convergence, respectively.
These results indicate that the proposed adversarial training

TABLE II
QUANTITATIVE RESULTS (PSNR AND SSIM) OF THE ABLATION STUDY

USING 1D GAUSSIAN MASK. 10%, 30%, 50% REPRESENTS THE

PERCENTAGES OF THE DATA SAMPLING IN THE k -SPACE DATA

OBTAINED FROM ORIGINAL IMAGE DATA. “NUM OF PARAM” MEANS

THE NUMBERS OF THE PARAMETERS. THE ABBREVIATIONS OF THE

COMPARATIVE METHODS ARE EXPLAINED IN SECTION IV-C.
“±” MEANS STANDARD DEVIATION

loss (i.e., the combination of all above loss functions except
traditional adversarial loss) achieves the fastest convergence.

Performance of Multilevel Perspective Discrimination.
This experiment includes four parts. First, the training pro-
cess is presented to validate the convergence properties for
multilevel perspective discrimination in HP-ALF. Second, the
different objectives of GAN are compared with the multilevel
perspective discrimination in HP-ALF, including the standard
GAN (GAN) [21], WGAN [55], HingeGAN [56] and LSGAN
[57]. Third, according to section III-B, increasing the number
of the outcomes v in pperspective can provide more information
to the generator to improve the perceptual quality of the
reconstruction results. To this end, the number of v is changed
while keeping the model unchanged to validate that the setting
of this number (i.e., the default number is 10) in HP-ALF is
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Fig. 8. Convergence validation for multi-level perspective discrimination
using training curves and samples. It can be seen a clear correlation
between lower error and better sample perception quality. The numbers
in the images are the PSNR values.

Fig. 9. (a) Convergence curves for different loss components in Equation
(11). It can be seen the image quality for all loss functions increase quickly
and converge after several epochs. (b) The comparison of the different
number of v in pperspective. When the number of v exceeds 10 (i.e., the
default setting), the image quality does not improve significantly.

appropriate. Finally, the performance of the patch-level reduc-
tion of aliasing artifacts is visualized. It shows the relationship
by displaying the output of the discriminator (corresponding
to v) and the reconstruction error (corresponding to the image
region). This is because each element in the output vector
of the discriminator corresponds to an image attribute. The
experiments set the different elements of this output as zero to
make HP-ALF not focus on the reduction of aliasing artifacts
in certain image regions.

Figure 8 shows the convergence process of HP-ALF. The
figure shows that these curves correlate well with the percep-
tual quality of the generated samples. At the first 10000 iter-
ations, the loss of the generator significantly decreases, and
the fine details in the generated samples (enlarged area in the
figure) are sharpened. The loss of the generator converges
in a small range in the subsequent process. These results
indicate that multilevel perspective discrimination in HP-ALF
can reach optimality.

Figure 10 presents the comparison results of the GAN
baseline methods. The results indicate that our HP-ALF with
multilevel perspective discrimination obtains the better scores

Fig. 10. The ablation study for different GAN objectives functions using
1D Gaussian mask. 10%, 30%, 50% represent the percentages of the
data sampling.

in all the evaluation metrics compared to the GAN baseline
methods. Especially for the FID metric, the values for the
Brain dataset, the Cardiac dataset, and the Knee dataset at
the 10-fold undersampling rate are 90.79, 92.79 and 147.54,
respectively. At 3.3× speed-up, the FID values for the Brain
dataset, the Cardiac dataset, and the Knee dataset are 55.75,
58.46, and 112.56, respectively. In addition, the values for the
Brain dataset, the Cardiac dataset, and the Knee dataset at
2× speed-up are 24.09, 27.04 and 66.16, respectively. These
results indicate that HP-ALF can achieve better reconstruction
performance than other GAN baseline methods.

Figure 9(b) shows that image quality improves as the num-
ber of v increases. The PSNR and SSIM values for HP-ALF
with multilevel perspective discrimination are better than those
for HP-ALF with TAL during the training process. The above
results indicate that v can provide stronger guidance for G to
match the original image distribution. When the number of v
exceeds 10, the image quality is not improved significantly.
Moreover, the convergence speed of the model is faster than
others when the number of v is 10.

Figure 11 presents the visual performance of the patch-level
reduction of aliasing artifacts. It shows that during the training
procedure with the increase of epochs, the overall quality is
gradually improved in the entire image. However, the region
within the image also changes (where the aliasing artifacts are
not significantly reduced), when the selected element (i.e., set
to zero) of the output vector changes. Specifically, the image
reconstruction at the edge of the brain does not perform well
(i.e., has large error), when the selected element is located at
the left or right side of the output vector (i.e., the first row and
last row in the figure). Then, the image reconstruction at the
center of the brain has large errors when the selected element
is located at the peak of the output vector (i.e., the second row
in the figure). Therefore, these results indicate that different v
corresponds to the attributes in different image regions.

Performance of Global and Local Coherent Discrim-
inator. The experiments show the effectiveness of the dis-
criminator by the influence of the per-pixel decision of the
discriminator on the reconstruction error of the generator. The
per-pixel decision investigates how the discriminator guides
the generator to improve perceptual quality.

Figure 12 shows that the background of the per-pixel
decision (top row) first became bright, and then the region
containing fine details became bright as the epoch increases.
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Fig. 11. The visual performance of the patch-level reduction of aliasing
artifacts. It shows the relationship between the discriminator output and
the reconstruction error. The experiment uses 1D Gaussian mask and
is performed on 50% data sampling. The color bar for the difference
images is shown on the right. The changes of the selected elements
(i.e., the discriminator output) lead to the changes of the image region
(i.e., corresponding region). The aliasing artifacts in these image regions
are not significantly reduced (i.e., reconstruction error).

Fig. 12. Correlations between the per-pixel decision (top row) and the
difference images (bottom row) investigate how the discriminator guides
the generator. Color bars for the difference images and the feedback
image are separately shown on the left and right. Darker colors in the
per-pixel decision correspond to the discriminator confidence of pixel
being fake, and then discriminator provides confidence to the generator
to correct the fake regions (as shown in the difference images).

Additionally, the output image becomes bright overall as the
epoch increases. The brighter (resp. darker) colors in the
per-pixel decision correspond to the discriminator confidence
of pixels being real (resp. being fake). These results indicate
that the background of the reconstructed image is recognized
as fake by the discriminator. The focused area of the discrim-
inator is gradually transferred from the image background to
the region with fine details. The per-pixel decision is correlated
well with the difference (the bottom row in Figure 12) between
the reconstructed image and ground truth. This indicates that
the decision of the discriminator can guide the generator
during the training process.

Performance of Context-Aware Learning Generator.
The experiments present the effectiveness of the proposed
context-aware generator by considering the kind of generator,
the numbers of input slices, and the feature representation map.

Fig. 13. The comparison of feature representations extracted by the
different context-aware learning generators (U-net+2D CNN, U-net+3D
CNN and U-net+Bi-ConvLSTM). The 2.5D U-net cannot the feature
representations because it does not contain the block. The color of the
pixel represents the similarity of the different features evaluated by cosine
distance (darker colors indicate complex feature representations and
brighter indicate simple representations). The increase of dark pixels
shows that the feature representations of the module are gradually
enriched.

Table III shows the comparison results of different
context-aware learning generators. They include the pro-
posed U-net+Bi-ConvLSTM (HP-ALF with Bi-ConvLSTM),
U-net+2D CNN (HP-ALF with 2D CNN), U-net+3D CNN
(HP-ALF with 3D CNN) and 2.5D U-net (HP-ALF with 2.5D
U-net). Specifically, the 2.5D U-net utilizes the same U-net
architecture as those in the comparative generators. The results
for HP-ALF with 3D CNN, HP-ALF with 2.5D U-net and
HP-ALF with 2D CNN occupy the second, third and fourth
places in the most cases, respectively. However, HP-ALF with
2.5D U-net achieves the lowest scores of 28.36, 0.83, 166.12,
and 0.82 in PSNR, SSIM, FID and PSIM, respectively, at 10×
speed-up for the 5 input slices in the Knee dataset. These
results indicate that HP-ALF with Bi-ConvLSTM achieves the
best performance with respect to other generators.

Table III also presents the comparison results using different
numbers of input slices. The adjacent slices are considered
as the input sequence. This table presents the effect of the
number of input adjacent slices (set to 3∼7) on different
generators. The results show that HP-ALF achieves the best
performance when the number of input adjacent slices is 5 for
all comparative generators. For example, when the dataset is
brain at 10× acceleration, the PSNR, SSIM, FID and PSIM
are 32.42, 0.94, 90.79, 0.90 for HP-ALF, 32.18, 0.94, 95.98,
0.90 for HP-ALF with 2.5D U-net, 31.74, 0.93, 94.90, and
0.90, respectively, for HP-ALF with 3D CNN and 31.67, 0.93,
97.81, and 0.88, respectively, for HP-ALF with 2D CNN,
respectively. The best performance in the above results is
reached when the input has five adjacent slices for all datasets.

Figure 13 shows the feature representation ability of our
Bi-ConvLSTM during the training process. It displays the sim-
ilarity of the feature maps obtained by the context-aware learn-
ing block by the cosine distance d(A, B) = AT B/∥A∥∥B∥ =
cos(θ) [18]. If two feature maps are orthogonal, then
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TABLE III
THE ABLATION STUDY WITH DIFFERENT CONTEXT-AWARE LEARNING GENERATORS (U-NET+2D CNN, U-NET+3D CNN,
U-NET+BI-CONVLSTM AND 2.5D U-NET) USING 1D GAUSSIAN MASK. HP-ALF WITH BI-CONVLSTM IS OUR METHOD.

10%, 30%, 50% REPRESENT THE PERCENTAGES OF THE DATA SAMPLING. THIS STUDY IS PERFORMED

UNDER THE DIFFERENT NUMBERS OF INPUT ADJACENT SLICES (3, 4, 5, 6, 7)
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cos(θ) = 0 and if two feature maps are linearly correlated,
then cos(θ) = 1 (the dark colors correspond to be orthogonal
whereas bright colors correspond to being linearly correlated).
When the values of the cosine distance are smaller, these
feature maps are less similar. This means the feature maps
learned from a context-aware learning block are diverse and
complex. This experiment obtain 32 feature maps for each
baseline context-aware learning block in the generator (i.e., 2D
CNN, 3D CNN and Bi-ConvLSTM). The generator with the
2.5D U-net cannot the similarity between the feature maps
because it does not contain the context-aware learning block.
The results show that our Bi-ConvLSTM has more dark
pixels than the other baseline blocks. Especially at epoch 150,
Bi-ConvLSTM obtains the most dark pixels. It also obtains
more dark pixels than the other baseline blocks when the
epoch is the same. Then, the mean values of the feature
map for the Bi-ConvLSTM, 3D CNN and 2D CNN are 0.43,
0.53 and 0.66, respectively. These results indicate that the
Bi-ConvLSTM from the context-aware learning generators
learning rich feature information leads to the small average
value and complex feature representation of the feature map.

V. CONCLUSION

In this paper, we propose a hierarchical perception adver-
sarial learning framework to reconstruct high-quality MRI
images. This framework is implemented by the proposed
GAN architecture, including the multilevel perspective dis-
crimination, the global and local coherent discriminator and
the context-aware learning generator. Specifically, the multi-
level perspective discrimination provides the information for
adversarial learning from overall and regional perspectives.
Then, the global and local coherent discriminator enables
both global and local feedback to the generator. Finally, the
context-aware generator builds relationships among succes-
sive MRI slices to improve the reconstruction performance.
Extensive experiments on three datasets (brain, heart and knee)
show the effectiveness of our framework on high-quality MRI
reconstruction.

APPENDIX I
DETAILS OF MULTILEVEL PERSPECTIVE DISCRIMINATION

The theoretical analysis for multilevel perspective discrim-
ination is shown as follows:

Theorem 1: When G is fixed, for any outcome v and input
sample x , the optimal discriminator D satisfies

D⋆
G(x, v) =

pdata (x)

pdata (x)+ pg(x)

+
R1(v)pdata (x)+R0(v)pg(x)

pdata (x)+ pg(x)
Proof : Given a fixed G, the objective of D is:

max
G

min
D

V (G, D) = Ex∼pdata [DKL (R1(v)∥D(x))

+ log(D(x))]

+ Ex∼pg

[
DKL (R0(v)∥D(x))+ log(1− D(x))

]
= −

∫
x

(
pdata (x)h (R1)+ pg(x)h (R0)

)
dx

−

∫
x

∫
v

(pdata (x)R1(v)

+ pg(x)R0(v)
)

log D(x, v)dvdx,

where h (R1) and h (R0) are their entropies. However, the
first term as C1 in the above equation is irrelevant to D, the
objective thus is equivalent to

min
D

V (G, D) = −

∫
x

(
pdata (x)+ pg(x)

)
∫

v

pdata (x)R1(v)+ pg(x)R0(v)

pdata (x)+ pg(x)
log D(x, v)dvdx + C1

+

∫
x

(
pdata (x)+ pg(x)

)
×

∫
v

pdata (x)

pdata (x)+ pg(x)
log D(x, v)dvdx,

where px(v) =
pdata (x)(R1(v)+1)+pg(x)R0(v)

pdata (x)+pg(x)
is a distribution

defined on �. The third term as C2 is divided from the C1.
Let C3 = pdata (x)+ pg(x), we then have

min
D

V (G, D) = C1 + C2

+

∫
x

C3(−

∫
v

px(v) log D(x, v)dv + h (px)− h (px))dx

For any valid x in the above equation, whenDKL (px∥D(x))

achieves its minimum, D obtains its optimal D⋆, leading to
D⋆(x) = px(v), which concludes the proof.

Theorem 2: When D = D⋆
G , and there exists an outcome

v ∈ � such that R1(v) ̸= R0(v), the maximum of V
(
G, D⋆

G
)

is achieved if and only if pg = pdata
Proof : When pg(x) = pdata(x), D⋆

G(x, v) =
(R1(v)+1)+R0(v)

2 , we have

V ⋆
(
G, D⋆

G
)
= DKL

(
R1∥D⋆(x)

)
+DKL

(
R0∥D⋆(x)

)
.

Subtracting V ⋆
(
G, D⋆

G
)

from V
(
G, D⋆

G
)

gives

V ′
(
G, D⋆

G
)
= V

(
G, D⋆

G
)
− V ⋆

(
G, D⋆

G
)

= −2DKL

( pdata(x)R1 + pg(x)R0

2

×∥

(
pdata(x)+ pg(x)

)
(R1 +R0 − 1) 1

2
4

)
Since V ⋆

(
G, D⋆

G
)

is a constant with respect to G, max-
imising V

(
G, D⋆

G
)

is equivalent to maximising V ′
(
G, D⋆

G
)
.

The optimal V ′
(
G, D⋆

G
)

is achieved if and only if the KL
divergence reaches its minimum, where

pdata(x)R1 + pg(x)R0

2
=

(
pdata(x)+ pg(x)

)
(R1 +R0)

1
2

4(
pdata(x)− pg(x)

)
(R1 −R0)

1
2
= 0

for any valid x and v. Hence, as long as there exists a valid
v that R1(v) ̸= R0(v), we have pdata(x) = pg(x) for any
valid x. If one views the above equation as a cost function
to minimise, when pdata(x) ̸= pg(x), the larger the difference
between R1(v) and R0(v) is, the stronger the constraint on
G becomes.
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