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The image factorization problem is the key challenge in Temporal Psycho-Visual Modulation (TPVM). In 
this paper, we present an end-to-end learned model for image-based non-negative matrix factorization. 
We decompose a set of images into a small number of image bases which can be used to reconstruct 
all the images by linearly combining the bases. During the process, the image bases, as well as 
their weights for the linear combination, are unknown. The method is based on conditional GAN and 
a variational sample disturber. Traditional NMF methods suffer from slow computational speed and 
poor generalization ability. A deep neural network shows potential in these two aspects. We conduct 
adversarial training in our model to generate better bases for image restoration. Our method outperforms 
other CNN based methods on several public datasets. Compared to traditional NMF algorithms, our model 
generates image bases that preserve details. Our model has advantages in speed as well as generalization 
ability.

© 2020 Elsevier Inc. All rights reserved.
1. Introduction

Temporal psycho-visual modulation (TPVM) [1] is recently pro-
posed as a new displaying technology. TPVM aims to display mul-
tiple sources of images on the same screen at the same time by 
generating multiple visual percepts, with help of temporal and 
spatial redundancy of modern display devices. It is based on the 
properties of the human visual system, that HVS cannot resolve 
temporally rapidly changing optical signals beyond flicker fusion 
frequency. This frequency is around 60 Hz in common situations. 
They make use of liquid crystal (LC) glasses in their system. The 
LC glasses control the amount of light passing through. The over-
all quantity of light that enters the viewer’s eyes is a weighted 
sum of atom frames. The screen displays atom frames at a high 
frame rate, then the glasses control the percentage of the light that 
passes through, and the viewer’s eyes perceive the integral images. 
In the whole process, given the desired perceptual images that dif-
ferent viewers see, we need to figure out the atom frames and the 
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weights, with constraints that pixels in atom frames are nonnega-
tive.

With TPVM, we display distinguishable images for different 
users through the same displaying device. TPVM takes advantage 
of the phenomenon that the human vision system (HVS) cannot 
distinguish between adjacent frames when videos are displayed 
above 60 Hz. Videos from multiple sources are modulated and dis-
played together through TPVM. Each user wears a unique pair of 
liquid crystal (LC) glasses that are temporal display-synchronized. 
Adjusting the synchronization of the LC glasses, the information 
from the displayed content is demodulated. Since the synchroniza-
tion of the LC glasses is unique, the user can see contents that 
distinguish from other users. TPVM can be used for information 
hiding by sending secret information to the authorized users while 
sending misleading information to others. Cheaters can only get 
misleading information when they try to peep the secret informa-
tion that is encoded by the TPVM based security system.

In the framework of TPVM, the core problem is how to modu-
late and demodulate the signal. We call the modulated images as 
the bases X . The bases X are displayed one by one with the same 
displaying period. For each pair of the LC glasses LCi , the passing 
through weights W i asset differently. The source images are then 
demodulated with a linear combination of the bases. For user i, the 
demodulated source image is Yi = X W i . When designing the dis-
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playing system using TPVM, the core problem is how to find bases 
X and the weights W i that restores the source images. TPVM can 
be formulated as a nonnegative matrix factorization (NMF) prob-
lem. The learned weights represent the synchronization of the LC 
glasses.

The main challenge of the conventional NMF algorithms is that 
they suffer from slow convergence speed, which is not suitable for 
practical usage in TPVM. On the other hand, the image sources are 
always changing. This requires the NMF algorithm to be able to 
generalize well in new data. Motivated by these two problems, we 
propose the deep neural network-based model for NMF.

In this paper, we solve the above two challenges by design-
ing a deep convolution network for NMF. The model is based on 
a conditional generative adversarial network. During the training 
process, the generator generates a set of bases from the source 
images. Then these bases are used for reconstruction of the source 
images via linear combination. The discriminator distinguishes the 
restored images from the source images by classifying if a set of 
N × N patches in the images are real or fake. During the predic-
tion process, we only make use of the generator to produce the 
image bases. These bases are then used in the TPVM system to 
display multiple views at the same time on the same screen. Since 
deep convolution network runs on GPUs, in the prediction phase, 
it generates the image bases at a high speed. Trained on a large 
set of data, the network also generalizes well on unseen data.

The deep neural network can learn high-level features to con-
vey content-related information when conducting NMF. It can also 
be combined with the traditional NMF method to improve its re-
construction accuracy. First, we use the factorized features as the 
rough bases for the modulation. Then, we set these learned bases 
as the initialization for the conventional NMF method. Last, the 
conventional NMF method updates the image bases iteratively and 
produce better results. Compared to only using conventional NMF 
methods, our model is time efficient and able to generalize well to 
new data.

We have the following contributions. First, as far as we know, 
we are the first to apply a deep neural network in the problem 
of NMF. Second, we make use of conditional GANs to generate the 
content-aware bases. We design a variational disturbing module 
for the discriminator to help training. Third, by combining with the 
conventional NMF algorithm, our method becomes more practical 
for real-world applications.

2. Related work

Encoding secret images using TPVM is a non-negative matrix 
factorization (NMF) problem. NMF has long been researched in the 
past decades [2–11]. As reported by [11], the hierarchical alternat-
ing least squares (HALS) algorithm performs best in both converge 
speed and reconstruction accuracy. In this paper, we select the 
HALS as the baseline for comparison. For the problem of TPVM, the 
subjection of the value of X and W is stronger than non-negative. 
We specifically select the modified HALS algorithm [7] for TPVM 
as the baseline.

The standard NMF problem is as follows:

min
X,W

||Y − XW||22
subject to X ≥ 0,W ≥ 0

(1)

where each column of X is one of the bases. Each column of Y is 
one of the source images. W is the corresponding weights to re-
store the source images. Since above problem is non-convex with 
respect to X and W, a popular solution is to update X and W al-
ternatively. The general framework is to iteratively fix one of X
and W and update the other to decrease the optimization target 
||Y − XW||2. The multiplicative update (MU) [8] algorithm updates 
2
X and W under the rules to ensure non-increasing of ||Y − XW||22. 
The alternating nonnegative least squares (ANLS) tries to find the 
local optimal solution in each iteration by updating X and W alter-
natively. According to [11], MU lacks the guarantee of convergence. 
ANLS helps to avoid falling into local minima for the problem 
while it introduces the problem of slow convergence. A more ac-
curate and effective solution called hierarchical alternating least 
squares (HALS) introduced by [3] alleviates local minima by up-
dating columns of X and W sequentially. As reported by [11], HALS 
yields the best results for TPVM.

Algorithm 1 The framework of the multiplicative update (MU) for 
NMF.
1: Random initialization of the bases X. Calculate W with (2).
2: % Update X
3: X ← X ◦ [YWT ]

[XWWT ]
4: % Update W
5: W ← W ◦ [XT Y]

[XT XW]

Conventional NMF algorithms calculate the bases and the corre-
sponding weights in an iterative manner. The following is a typical 
framework of the conventional NMF: in the k − th iteration,

• Fix Wk and update Xk such that
||Y − Xk+1Wk||22≤||Y − XkWk||22

• Fix Xk+1 and update Wk such that
||Y − Xk+1Wk+1||22≤||Y − Xk+1Wk||22

In the last several years, significant progress has been made on 
areas of image-based generative models. With the help of gen-
erative adversarial networks, researchers have achieved promis-
ing results on image de-blurring, image super-resolution, image-
to-image style transferring and so on. We work on image-based 
non-negative matrix factorization (NMF) using the modified condi-
tional GAN model. NMF is the problem of decomposing the original 
signal into several bases. The base signals can be then used as fea-
tures for other tasks.

3. Method

Our task is to generate a set of bases X = {X1, X2, ..., Xm} from 
the source images Y = {Y1, Y2, ..., Yn}. With conditional GAN, we 
learn a generator to map the source images Y to the correspond-
ing bases X, and the bases are used to restore the source images: 
G : Y → X → Ŷ. We get the restored source images Ŷ with (3). 
The discriminator tries to distinguish the restored images from 
the source images. Fig. 1 shows the training procedure of the net-
work. In the generator, we first learn the bases with CNN. Then, 
we reshape each generated bases in X to a vector and form all 
the reshaped bases as one matrix X̄. We also reshape Y to Ȳ. The 
weight matrix W and the restored source images Ŷ are calculated 
by:

W = (X̄
T

X̄)−1X̄
T

Ȳ (2)

ˆ̄Y = X̄W (3)

3.1. Network with the disturbing module

GANs are widely used in generative tasks [12–14], such as in-
painting [15], super-resolution [16,17], de-blur [18], future frame 
prediction [19] and so on. With conditional GANs [20], the genera-
tor learns a model to map the degradation image X and noise z to 
the restored image Y: G : X, z → Y.
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Fig. 1. Training procedure of the network. The method is based on adversarial learning between the generator and the discriminator. The generator generates image bases 
and then reconstruct the source images using the image bases. The discriminator judges whether the reconstruction is good enough. The generator consists of two parts, the 
bases generation part and the source images reconstruction part. There are five convolution layers in the generator. We use Equation (2) and (3) to reconstruct the source 
images, which performs as a custom layer in the network.
We aim to learn a generator that restores the source images 
that cheats the discriminator. Different from other problems, our 
discriminator learns to distinguish the restored image from the in-
put image. Since the restored images always differ from the input 
image, the discriminator can simply distinguish them by threshold-
ing the image difference. So the discriminator becomes too strong 
for the task. We add a disturb module that randomly adds noise 
into the images to mislead the discriminator. The strength of the 
noise is modified in each iteration to make the ability of the dis-
criminator to be comparable to that of the generator. To make the 
power of the noise controllable, we use PCA to compress the im-
age during training. The compression loss is the simulation of the 
noise (see Fig. 2).

3.1.1. Generator
We construct the generator using a multiple layer convolution 

network. Between the convolution layers, there is no activation 
function to introduce non-linearity. After getting the generated 
bases, they will be linearly combined to reconstruct the source 
images. The architecture of the generator is designed to be lin-
ear because the NMF itself solves the problem of the signal linear 
decomposition. Each pixel in the image should be the linear com-
bination of a set of bases. Intuitively, we design the network to 
be a linear model. Then we design another reconstruction layer to 
restore the source images with the generated bases.

The generator decomposes the source images Y into a set of 
bases X. Additional skip connections are used to transfer detailed 
information from the bottom layers. An additional thresholding 
layer is used to limit the range of value of the generated bases. 
The layer cuts off pixels with negative values and set them to 
zero. During training, the loss function punishes the generation of 
a negative value for the bases. Our generator also differs from con-
ventional CNN networks. Since the generated bases are combined 
linearly to restore the source images, the generation of these bases 
should also be linear. We drop the non-linear layers of CNN and 
only use 1 by 1 convolution layer for the generation. In the re-
construction layer, the source images are reconstructed by direct 
calculation (not trainable). According to (2) and (3), the weight 
matrix W can be calculated using the source images Y and the 
generated bases X. We get the restoration Ŷ by directly multiply-
ing W and X. Compared to the strategy to learn both the weight 
matrix and bases at the same time, our method adds more con-
straints to the generation of the bases. This makes the training 
easier to converge.

3.1.2. Discriminator
Concerning the conditional GAN [20], a N × M feature map is 

used to maintain the high-frequency structure from the source im-
ages. The discriminator distinguishes the samples by averaging all 
the responses of the N × M feature map. The discriminator takes 
both the generated images and the source images as input. They 
are concatenated together and fed into the network. The images 
are then discriminated using the feature maps.

Algorithm 2 Variational disturbing module: compression of the 
images using PCA. In this algorithm, the image is assumed to be 
already whitened in advance.
1: Compression accuracy is controlled by the number m of principal components 

of the image.
2: Calculate PCA of columns of the image. Principle components are the eigenvec-

tors of the covariance matrix of the image.
3: Get the principle components P = {p1, p2, p3, ..., pm} and the eigenvalues V =

{v1, v2, v3, ..., vm}. The values of v1, v2, ..., vm is sorted in descent manner. The 
image is seen as a collection of columns: I = {c1, c2, ..., cn}

4: Compress column ci in the image
5: c̄i = P ∗ P ′ ∗ ci

6: The matrix consisted with new columns C = {c̄1, c̄2, ..., c̄n} is the compressed 
image.

Variational disturbing module Different from original applica-
tions of the conditional GANs, our aim to distinguish the restored 
images and the source images are too easy for the discriminator. It 
is because the positive training samples for the discriminator are 
two sets of identical images. One solution is to add some noise into 
one set of images. But the difference between the noisy source im-
ages and the restored images is obvious for the discriminator. Our 
solution is to add some restored images using principal compo-
nent analysis (PCA). The power of the restoration increases over 
time. We randomly label these PCA restored images as positive 
or negative. By adding label noise during training, the ability of 
the discriminator is suppressed when the generator is not strong 
enough. The advantage of PCA based variational disturbing mod-
ule is that both PCA and NMF are decomposition methods. Images 
restored using PCA is perceptually alike that produced by NMF 
methods. During training our model, the PCA restored image will 
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Fig. 2. Example of PCA based image compression. Image (a) is the original image. From image (b) to (f), we present the compressed image with principal components of 5, 
10, 20, 40, and 100. As we can see, the image quality increases with number of principal components used in the compression.
mislead the discriminator so that the ability of the discriminator is 
suppressed.

3.2. Loss function

We propose the loss function as a combination of two parts, 
the adversarial loss and the reconstruction loss.

L = LG AN + λLR EC (4)

Adversarial loss The adversarial network aims to solve the min-
max game. The optimization target is as follows:

LG AN =min
G

max
D

EY ∼pdata(Y )[log D(Y , P (Y ))]+
EY ∼pdata(Y ),X∼pG (X)[log (1 − D(Y , X))]

(5)

where P (·) represents the variational disturbing module to weaken 
the discriminator. As training move forward, the strength of the 
disturbing also decreases. Similar to [18], we use the WGAN in-
stead of adversarial training. The WGAN [21] uses the Wasserstein 
Distance instead of JS divergence to evaluate the difference be-
tween the distribution of the generated data and the original data. 
As shown by [21], WGAN helps to improve the learning stability 
and solves the problem of mode collapse. The optimization target 
of WGAN is defined as:

LG AN =min
G

max
D

EY ∼pdata(Y )[D(Y , P (Y ))]−
EY ∼pdata(Y ),X∼pG (X)[D(Y , X)]

(6)

In the next section, we can see that without LG AN , there is 
restoration losses in the restored images. The discriminator rec-
ognizes these to be fake source images.

Reconstruction Loss Apart from adversarial loss, we also in-
troduce perceptual loss to maintain details in the restoration. The 
reconstructed image is directly compared with the source image 
(see Fig. 3). The loss function is defined as follows:

LR EC = min
G

EY ∼pdata(Y ),X∼pG (X)[Y − X]2 (7)

3.3. Patch GAN

Similar to [20], when discriminator evaluates the authenticity 
of the images, the local structure information of small patches in 
the images is taken into consideration. The whole image is sepa-
rated into a set of N by N patches. Each of the patches is classified 
into fake or real. The judgment of the whole image is determined 
by the average score of the patches. In the experiment part, we 
demonstrate the influence of the patch size on the restoration re-
sult.

3.4. Work together with HALS

The cGANs are used to learn more representative bases which 
can generalize to new data. The bases generated by the cGAN 
can be used as the initialization point of HALS. In practical situa-
tion, HALS is accurate but slow. The cGANs can generate the bases 
rapidly which performs well on unseen data. By combining cGANs 
and HALS, the GH (GAN-HALS) method performs in high speed and 
high reconstruction accuracy (see Figs. 4–7).

4. Experiments

4.1. Benchmark

4.1.1. Baseline
In the experiment part, we decompose 48 channel source im-

ages into 12 channel bases. Our algorithm is based on both CNN 
and conventional HALS, so we select each one of them for a close 
comparison.

HALS As reported by [11], the hierarchical alternating least 
squares (HALS) algorithm performs best in both converge 
speed and reconstruction accuracy. We select the HALS 
as the baseline.

4.1.2. Datasets
Temporal psycho-visual modulation (TPVM) is a new type 

of displaying technology that allows different users to perceive 
unique content at the same time. An essential problem for TPVM 
is how to design the bases for the modulation. This problem can 
be formulated as non-negative matrices factorization (NMF) based 
on iterative optimization (see Table 1).

Transient Attributes Database This dataset [22] contains 8571 
images from 101 webcams. The images are annotated 
with 40 attribute labels. In each attribute, we separate 
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Fig. 3. Examples of the restoration using CNN. The first line is the source image. The second and third lines are the restoration and first eight learned bases using our 
Deep-NMF. The fourth and fifth lines are the restoration and first eight learned bases using the Auto-Encoder network. Comparing the reconstruction results of the two 
methods, we find that our restoration is closer to the source images perceptually. The bases generated by our Deep-NMF look more sparse than that of the Auto-Encoder 
network. The major difference comes from the discriminator used in our model. Without the discriminator, the network tends to generate average bases. As a result, the 
restored images using the network without the discriminator look similar to each other.
Table 1
Datasets.

Dataset Number Resolution

Transient Attributes Database 8571 1280 × 720
Akko, Rena 9300 640 × 480
Foreman 300 352×288
Temple, Dino 675 640 × 480

the whole dataset into two parts. The first 80 images of 
the attribute are used as training data. The rest is used 
as validation data.

Akko, Rena The dataset contains 31 videos of 300 frames. The 
resolution of the images is 640 × 480. The dataset can be 
found in http://www.fujii .nuee .nagoya -u .ac .jp /multiview-
data/. This dataset is used as the test set in this paper.

Foreman The dataset is the video of ‘Foreman’ that contains 300 
frames. The resolution of the YUV video is 352×288. The 
videos are from the video trace library (http://trace .eas .
asu .edu /yuv /index .html). The dataset is also the test set 
to evaluate the performance of the algorithms.

Temple, Dino The dataset ‘Temple’ and ‘Dino’ contains multi-view 
samples of one single object from the hemisphere. In 
‘Temple’, there are 312 views sampled on a hemisphere. 
In ‘Dino’, there contain 363 views. Both of the datasets 
are from the multi-view stereo datasets in http://vision .
middlebury.edu /mview /data/. The resolution of the im-
ages is 640 × 480. These are used as the test set to eval-
uate the performance of the algorithms.

4.1.3. Evaluation metrics
The difference between the reconstructed frame and the orig-

inal frame is the key factor that influences the user experience. 
The most popular measurement of the difference between images 
is Peak Signal to NoiseRatio (PSNR). PSNR between two images I
and Î is:

P S N R(I, Î) = 10 log10
2552

∑m
i=1

∑n
j=1(Ii, j− ˆIi, j)

2
, (8)
mn
where (m, n) indicates the resolution of the image. For a set of 
images, the mean restoration PSNR of each image is the element 
for evaluation.

4.2. Restoration accuracy

We evaluate our method on the NVIDIA GTX 1080 Ti with 11 
GB GDDR. The evaluation of the conventional HALS based meth-
ods is on the CPU of Intel i7 with 16 GB RAM. By combining 
our method with modified HALS, we achieve the highest accuracy 
while computing the fastest.

The most important indicator of this problem is the restoration 
accuracy. We find that our method itself does not get a higher re-
sult than that of modified HALS. The reason behind this is that 
the problem of NMF is an ill-posed problem that we cannot di-
rectly get the optimal solution via a one-pass model. By com-
bining with the modified HALS algorithm, we solve the problem 
of accuracy. We call this model the GAN-HALS (GH). Our model 
converges fastest while achieving the highest restoration accuracy. 
Fig. 8 shows the convergence curve. In Table 3, we can see that the 
new model restores images with higher accuracy.

As shown in Table 5, we change the patch size in the patchGAN 
module of the discriminator. We find that the restoration accu-
racy achieves the highest when the patch size is 16 (see Fig. 9). 
In the other part of this chapter, all experiments are conducted 
with a patch size of 16. Different from applications of de-blur and 
de-noising, the patch size has little effect on the restoration accu-
racy. The reason may be the characteristics of matrix factorization 
in this paper. Changing the patch size may lead to a change in 
the output of the discriminator. In our method, the discrimina-
tor is largely dependent on the PCA compression. The effect that 
changing the patch size on the final results is limited. In the table, 
we know that when the patch size is 16, the performance of the 
model becomes the best. We set patch size 16 in all the experi-
ments in this paper.

4.3. Converging speed

Fig. 8 shows the convergence curve. The modified cGAN model 
can generate a primary estimate of the bases. These bases can 

http://www.fujii.nuee.nagoya-u.ac.jp/multiview-data/
http://trace.eas.asu.edu/yuv/index.html
http://vision.middlebury.edu/mview/data/
http://www.fujii.nuee.nagoya-u.ac.jp/multiview-data/
http://trace.eas.asu.edu/yuv/index.html
http://vision.middlebury.edu/mview/data/
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Fig. 4. Reconstruction results on ‘Foreman’. The first line shows the first eight of the source images. The second line shows the reconstruction results using the modified 
cGAN model. The third line shows the reconstruction results using the GAN-HALS (GH) model by combining our modified cGAN with HALS. For a set of 48 source images, 
the algorithm figures out 12 bases for the reconstruction of the source images.

Fig. 5. Reconstruction results on ‘Temple’. The first line shows the first eight of the source images. The second line shows the reconstruction results using the modified cGAN 
model. The third line shows the reconstruction results using the GAN-HALS (GH) model by combining our modified cGAN with HALS. For a set of 48 source images, the 
algorithm figures out 12 bases for the reconstruction of the source images.
be used for the iteration in HALS. By combining these two mod-
els together, the overall converging speed is higher than that of 
the conventional HALS. In the situation where the limitation of 
the restoration accuracy is not very high, for instance, 23 dB of 
PSNR, the converging speed of the combined model is 3 more 
times faster than that of conventional HALS. The HALS algorithm is 
based on the iterative calculation to update the bases. Before the 
final convergence, the algorithm usually updates the values more 
than 200 times. Compared with HALS, the modified cGAN is fast. 
In the combined model, the majority of calculation belongs to the 
HALS. The modified cGAN saves time for the early iterations in 
HALS.

4.4. Generalization

To evaluate the generalization ability of HALS and our method, 
we use the Transient Attributes Database to train the cGAN. Af-
ter training, we inference using the cGAN on the Foreman, Temple, 
Dino, Akko, Rena datasets. HALS, however, needs to calculate the 
bases with the test data before reconstructing the source images. 
In Table 2, we compare the performance of the two methods by 
changing the source images they use during training and infer-
ence. Table 2 shows the evaluation results on the datasets. In the 
Table 2
Evaluating the generalization ability. In the brackets, 
there are two numbers ‘a + b’. The ‘a’ means the 
number of images used for calculating bases from 
the training set. The ‘b’ means the number of images 
used for calculating bases from the validation set.

Method Mean PSNR

Ours (48+0) 23.6
HALS (0+48) 26
HALS (24+24) 17.1
HALS (48+0) 13.9

brackets, there are two numbers ‘a+b’. The ‘a’ means the number 
of images used for calculating bases during training. The ‘b’ means 
the number of images used for calculating bases from during in-
ference. As we can see, when we restore the images by calculating 
bases using images from different sources, our method performs 
better than HALS under the same situation of ‘48 + 0’. It shows 
that our cGAN method does not need to be trained on the test 
data in advance.

This experiment shows the generalization ability of our method. 
Since the networks can generalize well on new data, in practical 
usage, the network is trained in advance. In the situation where 
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Fig. 6. Reconstruction results on ‘Dino’. The first line shows the first eight of the source images. The second line shows the reconstruction results using the modified cGAN 
model. The third line shows the reconstruction results using the GAN-HALS (GH) model by combining our modified cGAN with HALS. For a set of 48 source images, the 
algorithm figures out 12 bases for the reconstruction of the source images.

Fig. 7. Reconstruction results on ‘Rena’. The first line shows the first eight of the source images. The second line shows the reconstruction results using the modified cGAN 
model. The third line shows the reconstruction results using the GAN-HALS (GH) model by combining our modified cGAN with HALS. For a set of 48 source images, the 
algorithm figures out 12 bases for the reconstruction of the source images.
Table 3
Comparison of restoration PSNR using modified cGAN and GH 
on the five datasets. All the networks are trained on the train-
ing set of the Transient Attributes Database.

Dataset Modified cGAN HALS GH (GAN-HALS)

foreman 27.5 29.4 29.5
temple 22.3 25.0 24.7
dino 21.0 24.6 24.5
Rena 24.0 26.0 26.1
Akko 23.3 25.6 25.9

new images need to be factorized, the generator directly predicts 
the image bases without training.

4.5. Ablation study

Full-Conv Layers In the modified cGAN, we use the auto-
encoder to form the generator. The auto-encoder is used to fac-
torize the images with the encoder. It generates a set of bases 
learned from the source images. The decoder is designed following 
Eq. (2) and (3). The images are restored with the decoder by lin-
early combining the bases. The direct training of the auto-encoder 
suffers from the problem that With the help of the discriminator, 
the generator is optimized within a smaller subspace.
We only use convolution layers in our generator. There are five 
convolution layers in the encoder. The number of layers has an 
impact on the final results, but the influence is not much. Fig. 10
shows the restoration accuracy by using generators with a different 
number of convolution layers. Compared with conventional CNN 
architectures, our model lacks non-linearity. Apart from the final 
convolution layer that produces the bases whose values should be 
non-negative, other convolution layers do not work with a non-
linear activation function. In the final convolution layer, a sigmoid 
function is used to limit the value range of the generated bases. 
This characteristic is, on the contrary, an advantage for the task 
of NMF. To illustrate this point, we conduct experiments to com-
pare with a VGG-like network. The VGG-like network consists of 
a set of convolution layers that work with activation functions. 
After two to three convolution layers, the max-pooling layer is 
also used to expand the perception field of the network. Due 
to non-linearity, the VGG-like network generates blurred bases, 
thus producing a blurred restoration of the source images. On 
the contrary, our model produces restored images with clear and 
sharp contents. Table 4 shows the comparative experiment re-
sults.

Discriminator Without the disturbing module, the discrimina-
tor can easily recognize positive and negative samples. Then, the 
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Fig. 8. Comparison of converge speed. In each figure, the dots present the iteration steps. We can see that the GH method converges with fewer steps. Since our GH model 
generates usable bases in the first round, the PSNR of the restoration rises fast in the first several iterations. From above figures we can see that our algorithm converges 
faster than HALS. To achieve the same restoration PSNR, HALS needs more time to conduct enough computation. We conclude that our algorithm shows better performance 
in converging speed.
Table 4
Comparison between vgg-like model and ours. To 
illustrate the advantage of our design, we replace 
our convolution layers without non-linear activa-
tions with vgg-like model. Comparing the recon-
struction accuracy, we find the vgg-like model re-
constructs the source images with lower accuracy.

Method Mean PSNR

Ours 23.6
VGG-like 20.2

conditional GAN degenerates to the ordinary CNN. When training 
our model, we find that the discriminator should not be too strong 
in the early steps. Comparing the two methods, we find that the 
modified cGAN performs better than the original GCN.

The last layer of the discriminator divides the feature map into 
many patches. The patches are then discriminated against one by 
one. The whole image is discriminated by calculating the average 
score of all the patches. If most of the patches are discriminated 
against as positive, then the input image is classified into a pos-
itive sample. The design of the patch size has an impact on the 
restoration results. We conduct experiments by changing the patch 
size. As seen in Table 5, we get the best results when the patch 
size is set to 16.

5. Conclusion

In the new display technology TPVM, the core problem is NMF 
of a set of images. To solve the problem of computation speed and 
generalization of NMF, we propose a deep neural network-based 
model for non-negative matrix factorization (NMF). Compared to 
conventional NMF methods, deep network based methods are fast 
and generalize well to other domains. Our model learns the bases 
from the source images via adversarial training. The model benefits 
from the variational disturbing module designed for the discrimi-
nator. By comparing with the conventional NMF algorithm, we find 
our method is faster while less accurate. We combine our method 
with HALS and produce better results. Our combined model called 
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Fig. 9. Reconstruction results with different patch sizes in the network on ‘Temple’. The first line shows the first eight of the source images. The second line shows the 
reconstruction results using the modified cGAN model with a patch size of 16. The third line shows the reconstruction results using the modified cGAN with the patch size 
of 64. We can see that although the restoration PSNR is different, the visual perception is almost the same. There are a little more artifact textures in the results with a patch 
size of 64.

Fig. 10. Reconstruction results with the different number of layers in the generator on ‘Foreman’. The first line shows the first eight of the source images. The second 
line shows the reconstruction results using the modified cGAN model with the generator of 5 convolution layers. The third line shows the reconstruction results using the 
modified cGAN with the generator of 10 convolution layers. The fourth line shows the reconstruction results using the modified cGAN with the generator of 15 convolution 
layers. We can see that the visual perception of the restoration using the different number of layers has no much difference. Even the results using 5 layers look better. As a 
result, we use 5 layers to construct the generator in other parts of this chapter.

Table 5
Restoration PSNR on the five datasets using the GH model. The patch size of the patchGAN in the discrimina-
tor is controlled to verify its influence on the reconstruction results.

Dataset Patch size = 1 Patch size = 4 Patch size = 16 Patch size = 64 Patch size = 300

foreman 26.2 26.5 27.5 25.5 25.4
temple 22.2 22.2 22.3 21.6 21.6
dino 20.4 20.2 21.0 20.0 19.9
Rena 23.8 24.2 24.0 24.0 23.6
Akko 20.8 20.1 23.3 19.7 18.8
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GH method has a stronger ability to generalize to new data, while 
it does not lose restoration accuracy compared to previous iterative 
methods.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to 
influence the work reported in this paper.

References

[1] Xiaolin Wu, Guangtao Zhai, Temporal psychovisual modulation: a new 
paradigm of information display [exploratory dsp], IEEE Signal Process. Mag. 
30 (1) (2013) 136–141.

[2] Nicolas Gillis, François Glineur, Accelerated multiplicative updates and hier-
archical als algorithms for nonnegative matrix factorization, Neural Comput. 
24 (4) (2012) 1085–1105.

[3] Andrzej Cichocki, Anh-Huy Phan, Fast local algorithms for large scale nonnega-
tive matrix and tensor factorizations, IEICE Trans. Fundam. Electron. Commun. 
Comput. Sci. 92 (3) (2009) 708–721.

[4] Michael W. Berry, Murray Browne, Amy N. Langville, V. Paul Pauca, Robert J. 
Plemmons, Algorithms and applications for approximate nonnegative matrix 
factorization, Comput. Stat. Data Anal. 52 (1) (2007) 155–173.

[5] Edward F. Gonzalez, Yin Zhang, Accelerating the lee-seung algorithm for non-
negative matrix factorization, Tech. Rep., 2005.

[6] Jingu Kim, Haesun Park, Fast nonnegative matrix factorization: an active-set-
like method and comparisons, SIAM J. Sci. Comput. 33 (6) (2011) 3261–3281.

[7] Zhongpai Gao, Guangtao Zhai, Jiantao Zhou, Factorization algorithms for tem-
poral psychovisual modulation display, IEEE Trans. Multimed. 18 (4) (2016) 
614–626.

[8] Daniel D. Lee, H. Sebastian Seung, Algorithms for non-negative matrix fac-
torization, in: Advances in Neural Information Processing Systems, 2001, 
pp. 556–562.

[9] Daniel D. Lee, H. Sebastian Seung, Learning the parts of objects by non-negative 
matrix factorization, Nature 401 (6755) (1999) 788.

[10] Xiangxiang Zhu, Zhuosheng Zhang, Improved self-paced learning framework for 
nonnegative matrix factorization, Pattern Recognit. Lett. 97 (2017) 1–7.

[11] Jianzhou Feng, Xiaoming Huo, Li Song, Xiaokang Yang, Wenjun Zhang, Eval-
uation of different algorithms of nonnegative matrix factorization in temporal 
psychovisual modulation, IEEE Trans. Circuits Syst. Video Technol. 24 (4) (2014) 
553–565.

[12] Chaoyue Wang, Chang Xu, Xin Yao, Dacheng Tao, Evolutionary generative ad-
versarial networks, IEEE Trans. Evol. Comput. (2019).

[13] Xinyuan Chen, Chang Xu, Xiaokang Yang, Dacheng Tao, Attention-gan for object 
transfiguration in wild images, in: Proceedings of the European Conference on 
Computer Vision (ECCV), 2018, pp. 164–180.

[14] Shuang Ma, Jianlong Fu, Chang Wen Chen, Tao Mei, Da-gan: instance-level 
image translation by deep attention generative adversarial networks, in: Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 
2018, pp. 5657–5666.

[15] Deepak Pathak, Philipp Krahenbuhl, Jeff Donahue, Trevor Darrell, Alexei A. 
Efros, Context encoders: feature learning by inpainting, in: Proceedings of 
the IEEE Conference on Computer Vision and Pattern Recognition, 2016, 
pp. 2536–2544.

[16] Christian Ledig, Lucas Theis, Ferenc Huszár, Jose Caballero, Andrew Cunning-
ham, Alejandro Acosta, Andrew P. Aitken, Alykhan Tejani, Johannes Totz, Zehan 
Wang, et al., Photo-realistic single image super-resolution using a generative 
adversarial network, in: CVPR, vol. 2, 2017, p. 4.

[17] Justin Johnson, Alexandre Alahi, Li Fei-Fei, Perceptual losses for real-time style 
transfer and super-resolution, in: European Conference on Computer Vision, 
Springer, 2016, pp. 694–711.

[18] Orest Kupyn, Volodymyr Budzan, Mykola Mykhailych, Dmytro Mishkin, Jiri 
Matas, Deblurgan: blind motion deblurring using conditional adversarial net-
works, arXiv preprint, arXiv:1711.07064, 2017.

[19] Michael Mathieu, Camille Couprie, Yann LeCun, Deep multi-scale video predic-
tion beyond mean square error, arXiv preprint, arXiv:1511.05440, 2015.

[20] Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A. Efros, Image-to-image trans-
lation with conditional adversarial networks, arXiv preprint, 2017.

[21] Martin Arjovsky, Soumith Chintala, Léon Bottou, Wasserstein gan, 2017.
[22] Pierre-Yves Laffont, Zhile Ren, Xiaofeng Tao, Chao Qian, James Hays, Transient 

attributes for high-level understanding and editing of outdoor scenes, ACM 
Trans. Graph. 33 (4) (2014) (Proceedings of SIGGRAPH).
Duo Li received the B.S. and Ph.D. degrees from 
Shanghai Jiao Tong University, in 2013 and 2019, re-
spectively, both in Electronic Engineering. He was 
a Visiting Ph.D. Student at University of California, 
Merced, USA, for six months in 2017. He is cur-
rently working as a deep learning research engineer 
at Hangzhou HIKVISION Digital Technology. He is cur-
rently also a postdoctoral at Shanghai Jiao Tong Uni-
versity. His research interests include digital signal 

processing, object detection, and semi-supervised learning.

Zhongpai Gao received the B.S. degree in elec-
tronic and information engineering from the Huazhong 
University of Science and Technology, Wuhan, China, 
in 2013. He received his Ph.D. degree in electrical en-
gineering with Shanghai Jiao Tong University, Shang-
hai, China, in 2018. He was a Visiting Ph.D. Student 
at Schepens Eye Research Institute, Harvard Medical 
School, Boston, USA, from 2016 to 2018. He is cur-
rently a postdoctoral at Shanghai Jiao Tong University. 

His research interests include multimedia signal processing, stereoscopic 
3D, and 3D computer vision.

Xiao-Ping Zhang received B.S. and Ph.D. degrees 
from Tsinghua University, in 1992 and 1996, respec-
tively, both in Electronic Engineering. He holds an 
MBA in Finance, Economics and Entrepreneurship 
with Honors from the University of Chicago Booth 
School of Business, Chicago, IL.

Since Fall 2000, he has been with the Department 
of Electrical and Computer Engineering, Ryerson Uni-
versity, Toronto, ON, Canada, where he is currently a 

Professor and the Director of the Communication and Signal Processing 
Applications Laboratory. He has served as the Program Director of Gradu-
ate Studies. He is cross-appointed to the Finance Department at the Ted 
Rogers School of Management, Ryerson University. He was a Visiting Sci-
entist with the Research Laboratory of Electronics, Massachusetts Institute 
of Technology, Cambridge, MA, USA, in 2015 and 2017. He is a frequent 
consultant for biotech companies and investment firms. He is the Co-
Founder and CEO for EidoSearch, an Ontario-based company offering a 
content-based search and analysis engine for financial big data. His re-
search interests include image and multimedia content analysis, machine 
learning, statistical signal processing, sensor networks and electronic sys-
tems, and applications in big data, finance, and marketing.

Dr. Zhang is a registered Professional Engineer in Ontario, Canada, and 
a member of Beta Gamma Sigma Honor Society. He is the general Co-Chair 
for the IEEE International Conference on Acoustics, Speech, and Signal 
Processing, 2021. He is the general co-chair for 2017 GlobalSIP Sympo-
sium on Signal and Information Processing for Finance and Business, and 
the general co-chair for 2019 GlobalSIP Symposium on Signal, Informa-
tion Processing and AI for Finance and Business. He is an elected Member 
of the ICME steering committee. He is the General Chair for the IEEE In-
ternational Workshop on Multimedia Signal Processing, 2015. He is the 
Publicity Chair for the International Conference on Multimedia and Expo 
2006, and the Program Chair for International Conference on Intelligent 
Computing in 2005 and 2010. He served as a Guest Editor for Multimedia 
Tools and Applications and the International Journal of Semantic Comput-
ing. He was a tutorial speaker at the 2011 ACM International Conference 
on Multimedia, the 2013 IEEE International Symposium on Circuits and 
Systems, the 2013 IEEE International Conference on Image Processing, the 
2014 IEEE International Conference on Acoustics, Speech, and Signal Pro-
cessing, the 2017 International Joint Conference on Neural Networks and 
the 2019 IEEE International Symposium on Circuits and Systems. He is a 
Senior Area Editor for the IEEE TRANSACTIONS ON SIGNAL PROCESSING 
and the IEEE TRANSACTIONS ON IMAGE PROCESSING. He was an Asso-
ciate Editor for the IEEE TRANSACTIONS ON IMAGE PROCESSING, the IEEE 
TRANSACTIONS ON MULTIMEDIA, the IEEE TRANSACTIONS ON CIRCUITS 
AND SYSTEMS FOR VIDEO TECHNOLOGY, the IEEE TRANSACTIONS ON SIG-
NAL PROCESSING, and the IEEE SIGNAL PROCESSING LETTERS. He received 
2020 Sarwan Sahota Ryerson Distinguished Scholar Award – the Ryerson 
University highest honor for scholarly, research and creative achievements. 

http://refhub.elsevier.com/S1051-2004(20)30026-9/bib77753230313374656D706F72616Cs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib77753230313374656D706F72616Cs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib77753230313374656D706F72616Cs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib67696C6C697332303132616363656C657261746564s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib67696C6C697332303132616363656C657261746564s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib67696C6C697332303132616363656C657261746564s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib636963686F636B693230303966617374s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib636963686F636B693230303966617374s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib636963686F636B693230303966617374s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib626572727932303037616C676F726974686D73s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib626572727932303037616C676F726974686D73s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib626572727932303037616C676F726974686D73s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib676F6E7A616C657A32303035616363656C65726174696E67s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib676F6E7A616C657A32303035616363656C65726174696E67s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6B696D3230313166617374s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6B696D3230313166617374s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib67616F32303136666163746F72697A6174696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib67616F32303136666163746F72697A6174696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib67616F32303136666163746F72697A6174696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C656532303031616C676F726974686D73s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C656532303031616C676F726974686D73s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C656532303031616C676F726974686D73s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C6565313939396C6561726E696E67s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C6565313939396C6561726E696E67s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib7A687532303137696D70726F766564s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib7A687532303137696D70726F766564s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib66656E67323031346576616C756174696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib66656E67323031346576616C756174696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib66656E67323031346576616C756174696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib66656E67323031346576616C756174696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib77616E673230313965766F6C7574696F6E617279s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib77616E673230313965766F6C7574696F6E617279s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6368656E32303138617474656E74696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6368656E32303138617474656E74696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6368656E32303138617474656E74696F6Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6D613230313867616Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6D613230313867616Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6D613230313867616Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6D613230313867616Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib70617468616B32303136636F6E74657874s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib70617468616B32303136636F6E74657874s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib70617468616B32303136636F6E74657874s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib70617468616B32303136636F6E74657874s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C656469673230313770686F746Fs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C656469673230313770686F746Fs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C656469673230313770686F746Fs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6C656469673230313770686F746Fs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6A6F686E736F6E323031367065726365707475616Cs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6A6F686E736F6E323031367065726365707475616Cs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6A6F686E736F6E323031367065726365707475616Cs1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6B7570796E323031376465626C757267616Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6B7570796E323031376465626C757267616Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6B7570796E323031376465626C757267616Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6D6174686965753230313564656570s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib6D6174686965753230313564656570s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib61726A6F76736B7932303137776173736572737465696Es1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib4C6166666F6E743134s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib4C6166666F6E743134s1
http://refhub.elsevier.com/S1051-2004(20)30026-9/bib4C6166666F6E743134s1


D. Li et al. / Digital Signal Processing 100 (2020) 102681 11
He is awarded as IEEE Distinguished Lecturer for the term from January 
2020 to December 2021 by IEEE Signal Processing Society.

Guangtao Zhai is a professor at Department of 
Electronics Engineering, Shanghai Jiao Tong University. 
His research interests are in the fields of multime-
dia and perceptual signal processing. He has published 
over 280 international journal and conference papers 
in topics of multimedia signal processing and per-
ceptual signal processing with Google Scholar citation 
number of 4800. He is a senior member of IEEE and a 
member of IEEE CAS VSPC TC and MSA TC and is on 

the editorial board of Digital Signal Processing (Elsevier), IEEE Access and 
Science China: information Science (Springer).

Xiaokang Yang received the B.S. degree from Xia-
men University, Xiamen, China, in 1994, the M.S. de-
gree from the Chinese Academy of Sciences, Shanghai, 
China, in 1997, and the Ph.D. degree from Shanghai 
Jiao Tong University, Shanghai, in 2000.

He is currently a Full Professor and the Deputy Di-
rector with the Department of Electronic Engineering, 
Institute of Image Communication and Information Processing, Shanghai 
Jiao Tong University. From 2000 to 2002, he was a Research Fellow with 
the Center for Signal Processing, Nanyang Technological University, Singa-
pore. From 2002 to 2004, he was a Research Scientist with the Institute 
for Infocomm Research, Singapore. He has published over 80 refereed pa-
pers and has filed six patents. His current research interests include video 
processing and communication, media analysis and retrieval, perceptual 
visual processing, and pattern recognition.

He actively participates in the international standards, such as MPEG-
4, JVT, and MPEG-21. He is a member of the Visual Signal Processing 
and Communications Technical Committee of the IEEE Circuits and Sys-
tems Society. He received the Best Young Investigator Paper Award at the 
IS&T/SPIE International Conference on Video Communication and Image 
Processing in 2003, the Microsoft Young Professorship Award in 2006, and 
several awards from A-STAR and the Tan Kah Kee Foundation. He was the 
Special Session Chair of Perceptual Visual Processing of IEEE ICME2006. 
He is the Local Co-Chair of ChinaCom2007 and the Technical Program Co-
Chair of IEEE SiPS2007.


	Generative adversarial networks for non-negative matrix factorization in temporal psycho-visual modulation
	1 Introduction
	2 Related work
	3 Method
	3.1 Network with the disturbing module
	3.1.1 Generator
	3.1.2 Discriminator

	3.2 Loss function
	3.3 Patch GAN
	3.4 Work together with HALS

	4 Experiments
	4.1 Benchmark
	4.1.1 Baseline
	4.1.2 Datasets
	4.1.3 Evaluation metrics

	4.2 Restoration accuracy
	4.3 Converging speed
	4.4 Generalization
	4.5 Ablation study

	5 Conclusion
	References


