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Abstract

We propose a Normalizing flow based on the Wavelet
framework for super-resolution called WDFSR. The
framework learns the conditional distribution mapping
between low-resolution images in the RGB domain and
high-resolution images in the wavelet domain to generate
high-resolution images of different styles simultaneously.
To address the problem that some flow-based models are
sensitive to datasets and weak in generalization, we de-
sign a method that combines T-distribution and QR de-
composition layers to mitigate the problem while main-
taining the performance of the model. We also propose
the Refinement layer combined with attention mechanism
to refine the extracted condition features for performance
improvement. Extensive experiments on many super-
resolution datasets show that WDFSR outperforms most
general CNN models and flow-based models in terms
of PSNR and Perception quality. We also demonstrate
that our framework works well for other low-level vision
tasks, such as low-light enhancement.

Keywords:  Normalizing flow, super-resolution,
wavelet domain, attention mechanism, generative model

1 Introduction

Super-resolution(SR) aims at recovering a high-resolution
image from one or many low-resolution input images,
which has a wide range of applications in many domains,
such as film and television, art, and cultural relics protec-

tion, etc. A great deal of excellent research has been done
in this field. Recently, based on traditional vision meth-
ods and machine learning methods, neural networks have
made great progress in solving super-resolution problems.
In particular, a class of generative methods represented by
GAN has achieved good results, such as [28][46]. How-
ever, for its ill-posed properties, super-resolution is still
a challenging computer vision problem, leaving room for
performance and image quality improvement.

Normalizing flow is a reversible probabilistic genera-
tive model that has gained an increasing attention in the
image field due to its powerful generative capabilities.
Unlike GAN, Normalizing flow can explicitly compute
probabilistic likelihoods. Compared to VAE, it can sam-
ple and compute distributions more accurately and has a
faster computational speed than autoregressive models.
In recent years, Normalizing flow has been applied to
many generation tasks and achieved good results, such as
point cloud [25]], audio [44]], and image generation tasks
[21]. However, some flow-based models have out-of-
distribution (OOD) generalization problems, being sen-
sitive to datasets, and may lead to possible training in-
stability. It is necessary to improve training methods and
alleviate these problems.

For traditional image processing tasks, methods based
on frequency can make weak signals more prominent and
easier to be distinguished and processed. With the devel-
opment of deep neural networks, CNN combined with fre-
quency domain or wavelet domain is often used in image
processing tasks. Some studies have gradually noticed
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Figure 1: An overall framework of WDFSR. T represents
the T-distribution.

that processing image information in the wavelet domain
can achieve more satisfactory results in tasks, such as im-
age classification [24], object detection[S3]], and instance
segmentation[29]

The above techniques inspire us to combine Normal-
izing flow with the wavelet domain for enhancing super-
resolution task. Our proposed network, namely WDFSR,
transforms the local feature signals in high-resolution im-
ages into the wavelet domain, combining with Normaliz-
ing flow to better deal with image processing tasks. Af-
ter wavelet transformation, the distribution of image data
will become more regular and the details can be more
highlighted than in the RGB domain, so that Normaliz-
ing flow can better learn the features of super-resolution
image. Our contributions are as follows:

We are the first to propose combining wavelet do-
main with Normalizing flow to deal with image
super-resolution task. Our model is capable of gen-
erating both PSNR-oriented and Perception-oriented
images. Our experiments show that WDFSR per-
forms better than most existing CNN-based models
and flow-based models.

We propose a solution to combine QR decomposi-
tion layer and T-distribution, helping stabilize the
network training process and enhance their general-
ization ability.

We adopt the Refinement layer with an attention
mechanism to help refine the extracted conditional
features for performance improvement.

Our model can handle other related image generation
tasks, e:g: Low-light enhancement applications, and
obtain satisfactory results.

2 Related work

We review representative works from Image Super-
Resolution, Normalizing Flow, and Wavelet-based Meth-
ods as they are closely related works.

2.1 Image Super-Resolution

There are different directions of exploration, such as sin-
gle image SR, referenced-based image SR [35]] and blind
SR [27][12]. Our paper mainly focuses on the single im-
age super-resolution (SISR). In recent years, many CNN-
based super-resolution methods have been proposed for
SISR. At first, some works[28]][49][15]] use either L1 or
L2 as the loss function to train, yet output images were
too smooth. Then, some methods [49] [48]] [55] [46] use
GAN to generate a real image stream and introduce per-
ceptual loss to increase the texture of the image, making
the generated images have better visual perception.

While some recent work has taken different ap-
proaches to super-resolution tasks, such as using implicit
functions[22], transformers[36], and Multi-scale[23]] net-
works, and other neural networks still employ GANI[38]]
or VAE[34] to produce good visuals, they can only pro-
duce high-resolution images from low-resolution images
with deterministic one-to-one mapping, or some results
are disappointing. Recently, researchers realize this prob-
lem, leading to methods, such as PULSE [40Q] (only for
face), which can generate many different high-resolution
images from one low-resolution image by using GAN.
FxSR-PD [43] can generate different styles, including
PSNR-Oriented and Perception-Oriented, by combining
different train loss functions, yet the combination of
losses is complex. Normalizing flow is also applied to
image super-resolution task. However, such methods still
need further research, including stability and effect im-
provement.



2.2 Normalizing Flow 2.4 Attention mechanisms

Normalizing ow [B] [7] can learn mappings betweerfAttention mechanism can be understood as having a com-
arbitrary distributions and is a very powerful generatiyeHter vision system to quickly and effectively focus on
model. In recent years, Normalizing ow has not onlyhe characteristics of key areas, which simulates human
been applied to speech generation and point cloud [zlgﬁion system. For humans, when facing with a complex
tasks, but also has gradually been applied to image gerfé€ne, we can quickly focus on the key areas and process
ation tasks and achieved good results, such as denoidfigjn- For deep learning, attention mechanism can make
and simulating noise [50][11], deblurring [27], SR [37]he model pay more attention to important features.
[26] and other low-level visual tasks. Glow [21] provides Attention mechanisms [18][42][51] have recently at-
us with ideas on image generation tasks. tracted extensive attention and have been applied in var-
Normalizing ow is a reversible network model, meanlious elds, such as object classi cation, object detection

ing that it may suffer from many constraints that reduce #5'd Image restoration. Zhang [57] propose RCAN using
expressiveness, so researchers have offered many mi&pdual channel attention mechanism for SR, which in-
ods [16][45][4] to improve its performance. These metifPI'eS US t0 apply the attention mechanism.
ods mainly improve the model structure, or apply data
preprocessing methods and other measures to imprgle Our Method
model expression ability, stability, generalization. We
also propose some measures to further increase the tr%iri
ing stability of the model and enhance the generalization
ability of the model to alleviate the OOD problem. As shown in Figure 1, our WDFSR network comprises
Normalizing Flow with Re nement layer (RNF) module,
Harr Transform, and T-distribution module. It is impor-
2.3 Wavelet-based Methods tant to note that the three seemingly gray pictures from top
to bottom represent the horizontal details, vertical details
In traditional image processing tasks, using frequency dgnd diagonal details of the original image, respectively.
main augmentation can bring some good results. CoTheir details are signi cant, yet they are hard to see by
pared with Fourier transform and discrete cosine trangaked eyes unless binarization is applied. Due to the spe-
form, wavelet transform considers both spatial domain igial design of the RNF module and its reversibility, the
formation and frequency domain information. Recentlyaining process is different from the general CNN-based
wavelet-based methods have been explored in severadel.
computer vision tasks, including classi cation [29] [53] For training, we rst transform a high-resolution image
[41], face aging [33], network compression [9], supefrom the RGB domain into four different kinds of wavelet
resolution [31] [52], style transfer [54] and demoire [30]information, which are relatively regular distribution, by
Gal [10] proposes the SWAGAN which implementsising Harr transform. Each RNF module branch will in-
progressive generation in frequency domain. They velependently learn the mapping relationship between the
ify that content generation in wavelet domain results iirdistribution and the four different spectral information,
higher quality images with more realistic high frequencguch as diagonal information distribution, in the wavelet
content, and frequency-aware methods also induce lademain. To better t the mapping relationship, during our
level visual quality improvements. Liu [31] proposefaining, low-resolution images are put into the encoder to
MWCNN for SR, which implements multi-level Wavelebbtain conditional features, feeding into the RNF module.
methods. However, this method is less effective than &Xe combine negative log-maximum likelihood with other
isting methods because its network architecture may mi@ining losses to optimize our model.
be very expressive. Xiao [52] proposes a method for im-For generating a super-resolution image, different from
age rescaling in wavelet domain using a reversible ngtining, in order to reversibly reconstruct the super-
work structure but not a ow-based model. resolution image, we require to sample from the T-

Overview



Figure 2: The structure of our RNF module for guper-resolution model, which is applied to all four RNF module
branches of our WDFSR network. The structure of RNF modules fauper-resolution task and Low-light
enhancement task are similar. Note that we have omitted the processing of wavelet transform in this gure.

distribution (Note that the sampled data of differerierent levels of the architecture, it has a reversible same
branches of the T-distribution are also independent), astducture including one Squeeze layer, one split layer, a
inject the conditional feature information of the low resd@-Actnorm, and K Q-Af nes. In addition, each Q-Af ne
lution image into the four trained RNF module branchesontains an Actnorm layer, one QR layer, and two differ-
Subsequently, the four trained RNF modules will okent conditional mapping layers, while a Q-Actnorm con-
tain four kinds of spectral information in the wavelet daains an Actnorm layer and one QR layer.

main, which can be used to restore a high-quality super-At the end of each level, the split layer divides half of
resolution image through the Harr transform. By chantie features by dimension to obey T-distribution for calcu-
ing different sampling conditions (temperatg WDFSR lating the negative logarithmic maximum likelihood (in-

can generate different styles of images. stead of a Gaussian distribution), allowing half of the fea-
We now introduce the technical details of the thre@res to continue owing in the architecture. It is worth

main modules of our WDFSR network. noting that the rst level architecture has no Squeeze
layer, and the last level has no split layer. We will

32 RNF Module now elaborate the important details in the following sub-

sections. Other module improvements are presented in

The RNF module is used to learn the exact mapping refsependix A.
tionship between the tting T-distribution and the four dif-
ferent informat_ion distributiorjs obtaingd through wa_vc_aI%tlz'l OR layer
transform. This module mainly contains a Normalizing
ow module and a Re nement layer, where the Normali order to further strengthen the mapping ability of RNF
izing ow module is a multi-level architecture inspired bymodules to better t the relationship between different
RealNVP [8]. The overall structure of the RNF moduldistributions, we utilize the QR decomposition character-
is depicted in Figure 2. Note that all four RNF modulestics to build a reversible QR layer for exchanging infor-
branches in our WDFSR network, as shown in Figure hation on channel dimensions. We have done some ex-
use exactly the same structure. periments and found that T-distribution and QR layer can

Speci cally, the architecture of Normalizing ow better improve the generalization ability of the model.
mainly contains L scales (levels). For each of the dif- Glow [21] also proposed 11 convolution and PLU,



which can exchange information in dimensions. In a8:2.2 Re nement layer

tual training, 1 1 convolution will cause training loss to ) . "
uctuate largely and may easily be detrimental to convef2Ul Mmodel is a Normalizing ow based on conditional
gence. Although PLU is stable, it is not exible, WhiCH‘ea_ltures, i.e. when _tralr_ung and mferrlng,_ we are required
may lead to damaging the expressiveness of the olR mput low resolutlo.n images as conditional features to
based model. QR layer as proved by Hoogeboom [1v)a}r|oqs Af ne layers in the RNF module to enhance the
is more stable while maintaining exibility. In a similar MaPPINg ability of the model. Therefore, we need a good
fashion to the PLU parametrization, we stabilize the d&NCoder to extract image features accurately, so that the
composition by choosiniV = Q(R + diag(s)), where model can focus on important and useful information. We
Q is orthogonalR is strictly triangular, and elements inS€lected a part of RRDB [49] model as our encoder.

s are nonzero. Becaus@ is an orthogonal matrixQ Although RRDB [49] network architecture as an en-

can be constructed from at most n Householder re ectiof@der for SR task can extract features from images very
throughQ = Q; :: Qn toensureits exibility. well, the output dimension is large and some dimensions

are not very signi cant for our model. Hence, we propose
the Re nement layer to further focus on the features of
channel dimension and spatial dimension to promote bet-
ter mapping capability. Through experiments, we found
that the Re nement layer can incorporate different atten-
tion mechanism modules[18][42] and they all improve
performance. However, some of their performance im-
provement is not obvious or their solutions use more pa-
rameters or increasing computational complexity.
Consequently, we choose the relatively superior
CAMB [51] as our attention mechanism module, which
is a combination of channel attention mechanism and spa-
tial attention mechanism, to produce better results while
using fewer parameters.
Note that we do not insert the network into the en-
Figure 3: Visually comparison the effects of QR and 1xgoder but as a separate small module. Meanwhile, we use
convolution on training loss. independent attention modules in condition af ne layers
instead of sharing attention modules to learn for differ-
Visual comparison of training loss and quantitativ@nt scale layers. Because the features extracted from the
comparison of two layers is shown in Figure 3 and TRI€-trained RRDB are actually relatively good, we x the
ble 6, respectively. We can see that using QR layer witfRDB when training our model. We only optimize the
make the training more stable. When the temperasé independent Re nement layer, without needing to retrain
the variable sampled from the target distribution is 0, tffemodi ed RRDB model. This approach can both reduce
network using QR layers achieves similar results as a &€ GPU memory utilization for training and speeding up
work using 1 1 convolutions. However, when the samihe training process. Also, our model accuracy is even
pled temperate is 0.8, using 1 1 convolution achieves Nigher than if we modi ed the RRDB model.
poor results compared to the network using QR layers.
This phenom_en_on sh(_)ws thgt the_ QR layer can guaran3  Harr Transform
tee stable training while maintaining good performance
compared to 11 convolution. Therefore, we provide arhere are many kinds of wavelet transforms such as Mor-
training suggestion that combining T-distribution and QRt, Mexican hat, Gaussiaefc. They can transform fea-
layer makes the ow-based model more stable and matnre information in RGB domain into the spectral infor-
tains a good performance. mation in the wavelet domain. We use the simplest Harr

kik{" .
KTk’

Qi=1 2 (1)

wherefkig, are learnable parameters.



transform which has been proved to be simple and efvery good. Replacing the multivariate Gaussian distribu-
cient in some previous work. tion with the T-distribution, we can increase the general-
Due to the reversible network structure and spiation and training stability of the network without modi-
cial training method, we do not use the wavelet tranfng the learning rate or using gradient clipping. For data
form multiple times in our network, like some methodthat does not meet the model assumptiors both ends
[30][31][10]. Similar to Xiao [52], we convert high- of the curve as shown in Figure 4(c)), T-distribution is less
quality images to wavelet domain to learn from the begiaffected and less punished by outliers than the Gaussian
ning and we only use the wavelet transform once. We ldistribution. In general, our ow-based model is more
lieve that the four different information distributions obstable and can generalize better than other ow models
tained after a wavelet transform can make the RNF magsing T-distribution. We have depicted a generalization
ule better learn the mapping relationship. We will dissomparison of ow-based Super-Resolution models and
cuss the role of the Harr transform in Section 5. What tlablation experiments about it in Section 5. The probabil-

wavelet transform does is shown as below. ity density function of T-distribution for computing loss
AH:V:D = Harr (X) @) in D dimensions is:

: in i i v+ D v 1 1
whereX, A, H, V, D are high-resolution images, horip (x: : :v) = = iv j?
zontal detail information, vertical detail information, di- 2 2
agonal detail information and areas of low-frequency in- 1 wh
formation, respectively. Harr Transform is invertible, 1+=x ) Mx ) ;
which means thaHarr (A;H;V;D) = X and Harr v 3)

Transform can restore the super-resolution picture Vef¥iare the s
well. Their channel dimension is one-fourth ¥f and 4.4 (2)=
the length and width are one-half Xf.

1Iav > Qs called the degrees of freedom,
o t? 'e 'dt. Meanwhile, , andD rep-
resent the mean, covariance, and the number of channel
dimensions of sample daig respectively. Whewr > 0

3.4 T-distribution tends to in nity, T-distribution becomes Normal distribu-

. tion. We set it to 20 in our ow-based model.
In theory, the ow-based model can learn a mapping from

a very complex distribution to a very simple distribution

(e.:g.: qussian distribytion). The.modellis qptimized b3_5 Training Objectives

minimizing the negative log maximum likelihood value

as in Equation 7. However, Maximum Likelihood Estima3.5.1 Preliminaries

tion (MLE) is very sensitive to test set and train set that do

not meet the model assumptions. Meanwhile, as shol¥armalizing ow is an invertible model, which can learn

in Figure 4 and as mentioned by Alexanderson [2], difa€ mapping between an observed distribution and simple

ferent distributions have some different features (Figudstributions ¢:9:a multivariate Gaussian z): zf= (x),

4(a)(b)), which will in uence the generalization ability ofwheref represents the ow-based model andepresents

the model and training process. For abnormal data poirifig observed distribution. Since the network needs to be

the corresponding Gaussian probability will be very lov@ble to compute the Jacobian matrix, each layer of it has to

which will cause problems such as log(0) resulting in ke carefully designed, making Jacobian matrix very eas-

loss of null or huge loss volatility, which makes the trairlly beé computed. In addition, the performance of single

ing process unstable. ow model is limited due to the reversible reason. In or-
The general solution is to modify the learning rate éter to ensure good network performance, multi-layer ow

use gradient clipping. However, choosing an approprig&t@cking is required, leading fo= f; f; fn.

learning rate is very dif cult. Furthermore, as proposed in

[2], using gradient clipping may pull it to a different op-

timal solution, and the accuracy of the model may not be x !fl h,y !fz hy! 1 hn 1 !fN z 4)



(a) Probability density (b) Penalty functions (c) In uence functions

Figure 4: The analysis of different distributions.

whereh; represents the intermediate results produced 8%.2 Loss function
the ow model and their process is reversible. Herean ) o
be any simple distribution. However, through extensifé®W-based models can be trained by optimizing only a
experiments, we found that tting T-distribution, callecingle negative log-likelihood loss, like this,
Student-distribution, could get better results, which we
will discuss later in Section 5. According to the change Xt .
of variable formula and the chain rule, for a samypl¢he Lo = . logp(yi j & i): C)
log-likelihood can be calculated as: =1
where y; represents the spectral information »fin
@f wavelet domain.
logp(x; ) =log p.(z) + _ log det @f 1 5 Training with this singleL,; can make the network

=1 eventually convergent, but in the actual training process,

In general, we train ow-based models by optimizing thwe found that the network converges very slowly and may

negative log-maximum likelihood value logp(x). For not reach the optimal value because of unsupervised rea-
the conditional ow model, the initial formula will be- SONS: Because our network is capable of generating both

come the following. PSNR-oriented and Perception-oriented images, we can
improve some aspects of performance again according to
f the loss design, such as the PSNR value. If we add L1
Pe(xje )= p, f '(x;e) det @(x;e) ; (6) or L2 pixel losses to the original negative log-maximum
-likelihood L ; , we can obtain a model that produces im-
wheree represents the latent feature of low resolution pigges with higher PSNR values. In our experiments, we
tureandz = f (x;e). have found that using L1 pixel loss is more stable and can
Finally, we optimize the ow-based model by takin chieve better re§glts than using L2 pixel loss training.
the negative log maximum likelihood. For our ow-based Nerefore, the training loss function can become:
model WDFSR, the formula will look like this:

Lesnr = 1lnn + 2Llpixel (X;X =0); 9
L( ;x;e)=logpxje(xje€; )
x4 X @f

= lo f Yy e log det
. gpz (yi;e) . g @,

wherex represents the ground-truth super-resolution im-
(yi:e) age andk - is the super-resolution image generated by
the model by sampling the latent variable with temperate
(7) =0 from T-distribution.
wherez; = f 1(y;;e) corresponds to the mapped T- Similarly, if we want to get a model, which can gen-
distribution of the four branches angd represents the erate better Perception-oriented images with better visual
spectral information ok in wavelet domain. quality, we add perceptual loss to its loss. Then, the for-



Table 1: Comparison with state-of-the-art SR methods on DIV2K test sets andl 8 SR tasks, and Urban
datasets in 4 SR task. The 1st and the 2nd best performances are highlighted in red and blue, respédtiyely.
denotes that, larger (smaller) values lead to better quality.

Datasets DIV2K Urban
4 | 8 4

Type Methods PSNR* | SSIM* | LPIPS_ | PSNR* | SSIM* | LPIPS_ | PSNR* | SSIM" | LPIPS_
Bicubic 26.81 | 0.772 | 0.412 | 2383 | 0.632 | 0.584 | 21.80 | 0.662 | 0.473
EDSR[28] 28.98 | 0.833 | 0.269 - - - 25.32 | 0.803 | 0.208
PSNR-oritened DBPN[15] 29.18 | 0.838 | 0.266 - - - 24.86 | 0.789 | 0.223
RRDBJ[49] 29.44 | 0.844 | 0.254 | 25,50 | 0.695 | 0.419 | 2548 | 0.809 | 0.196
RDN-LTE[22] 29.33 | 0.841 0.256 - - - 25.27 | 0.801 0.204
ESRT[36] 28.85 | 0.830 | 0.285 - - - 24.46 | 0.776 | 0.238
ESRGAN[49] 26.63 | 0.764 0.124 22.18 | 0.583 0.277 2278 | 0.721 0.123
RankSRGAN][55] 26.55 | 0.750 | 0.128 - - - 23.05 | 0.721 | 0.135
Perception-oriented SFT-GAN[48] 26.50 | 0.757 | 0.133 - - - 22.74 | 0.710 | 0.134
NatSR[46] 27.82 0.793 0.152 - - - 23.94 | 0.753 0.150
SPSR[38] 26.70 | 0.761 | 0.109 - - - 23.24 | 0.737 | 0.119
SRFlow, =0[37] 29.05 | 0.829 | 0.251 | 25.09 | 0.659 | 0.403 | 25.03 | 0.792 | 0.203
SRFlow, =0:9[37] 27.09 | 0.756 | 0.120 | 23.04 | 0573 | 0.272 | 23.65 | 0.732 | 0.133
HCFlow+, =0[26] 29.25 | 0.83 0.212 - - - 25.03 | 0.780 | 0.210

HCFlow++, =0:9[26] 26.61 | 0.743 | 0.111 - - - 23.03 | 0.711 | 0.124
(Ours)WDFSR, =0 29.22 | 0.838 | 0.243 | 25.31 | 0.686 | 0.389 | 25.16 | 0.799 | 0.196
(Ours)WDFSR, =0:8 28.36 | 0.809 | 0.134 | 24.76 | 0.647 | 0.380 | 24.43 | 0.769 | 0.136
(Ours)WDFSR+, =0 29.39 | 0.846 | 0.254 | 2552 | 0.697 | 0.419 | 25.36 | 0.813 | 0.199
(Ours)WDFSR++, =0:9 | 27.72 | 0.789 | 0.110 | 24.13 | 0.642 | 0.268 | 24.19 | 0.769 | 0.117

PSNR-Perception

mula will become: hancement task is to improve the overall brightness while
maintaining good image quality, it is suf cient to uk
Lvisua = 1blni*+ 2Lpixel (X;X =0)+ (10) only. 99 geq ¥ i

L X;X = .
3L perceptual( o) For 4 super-resolution task, we set L and K to 3 and

wherex - , represents the image biased towards visualrespectively. Similarly, for 8 super-resolution, we set

perception produced by sampling the latent variable withand K to 4 and 6, respectively. For the 8R task,

temperate =  from the T-distribution. We sefy to 0.9, we need 3 times of down-sampling, i.e. L=4. But at the

which can produce better Perception-oriented pictures same time, K is reduced to 6 in order to improve training
ef ciency. As L becomes larger, the mapping ability of
the model does not decrease with K.

We use the part of the pretrained RRDB network as
41 Setti an encoder to extract features, but x it to not being up-
: ettings dated. For most image super-resolution models, they use

While our model can handle super-resolution tasks, it cfickr2K and DIV2K [1] as training sets and test sets to
also support other image processing tasks, such as |6fmpare model performance. Therefore, for fair compar-
light enhancement. We conduct extensive experimeff8n, We also use these two datasets for training for 150k
on the general image SR dataset, as well as some exgigfators and testing. In order to prove that we still per-
ments on the low-light enhancement dataset. For the &% well on other datasets, we also tested on the Urban
task, our model has three combinations of model lossEL?] dataset.

LonsLnr + Lpixer @ndLpg + Lpixel + Lpercepr They — We set the size of the crop block and the number of
are used for WDFSR, WDFSR+, and WDFSR++, respauini-batches to 160160 and 12, respectively. 1, »
tively. However, we only usék ,; for low-light enhance- in Adam optimizer are set to 0.9, 0.99. For WDFSR,
ment task. Because the main purpose of the low light esur initial learning rate Ir is 110 # and is decayed by

4 Experiments
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