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Generating pictures from text is an interesting, classic, and challenging task. Benefited from the development of generative
adversarial networks (GAN), the generation quality of this task has been greatly improved. Many excellent cross modal GAN
models have been put forward. These models add extensive layers and constraints to get impressive generation pictures.
However, complexity and computation of existing cross modal GANs are too high to be deployed in mobile terminal. To solve
this problem, this paper designs a compact cross modal GAN based on canonical polyadic decomposition. We replace an
original convolution layer with three small convolution layers and use an autoencoder to stabilize and speed up training. The
experimental results show that our model achieves 20% times of compression in both parameters and FLOPs without loss of
quality on generated images.

1. Introduction

Generating images according to the corresponding text is an
important, challenging, and interesting task in computer
vision. Compared with text, images are direct and easy to
understand. Cross modal image generation attracts many
researchers due to its great potential and value in application
of computer vision, such as cross modal search, art creation,
and image editing. It is conducive to reducing storage space
and operating cost. Generating synthetic images from text
application in art creation and criminal image calls for fast
reaction and compact models. For illustrations for stories
and painting for album covers, compact cross modal image
generation models can instantly visualize thoughts in the
mind by a few descriptive sentences. Text-to-image GANs
can activate visualization application so as to promote artistic
creation greatly.

In the past few years, most of generative models have
applied the Markov chain learning mechanism, Monte Carlo
estimation, and sequence data to learn joint distribution.
These models involve too much computation and are not
suitable for large-scale image generation. The Variational

Autoencoder (VAE), Recurrent Neural Network (RNN),
and Convolutional Neural Networks (CNN) are used to gen-
erate natural pictures according to a conditional distribution
[1–3]. These models can generate pictures only by labels or
feature information generated by other networks. However,
images generated by these models were unreal. Driven by
the proposal of the generative model of GANs, images gener-
ated from text tasks got a significant development. Reed et al.
[4] firstly applied GAN to synthesize impressive and compel-
ling pictures from character level to pixel level. More and
more researchers have committed to improving the quality
of generated images by adding modules and constraints.
Many excellent models have been proposed, such as Stack-
GAN++ [5], AttnGAN [6], and HDGAN [7]. These models
can generate high-pixel pictures. But existing text-to-image
GANs are so complex that it is hard to deploy them on the
mobile end.

Low computation and response in real time are critical
for cross modal search and criminal image generating tasks.
With the emerging of 5G technology [8–12], the demand
for mobile terminal deployment is increasing. However,
existing text-to-image GAN models have a large number of
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parameters and huge computation for low-end devices
within the Internet of things. In order to compress and speed
up text-to-image GAN, we propose a compact architecture
based on canonical polyadic decomposition.

Rank decomposition has been widely applied in model
compression and acceleration. Rank decomposition can
represent a complex matrix as multiplication of small subma-
trices. It means that a few submatrices can be used to recon-
struct the weight matrix. These submatrices maintain
important properties of the matrix. For cross modal-
generated image task, there are too many parameters and
high computation in existing models. Therefore, we can use
rank decomposition to reduce parameters and computation.
There are two methods to apply rank decomposition: decom-
posing the complex matrix and replacing [13–16] and
designing low-rank separable network structures [17, 18].
Canonical polyadic decomposition is an efficient and stan-
dard rank decomposition method. It has been effectively
applied to compress and accelerate networks [13, 15]. So we
use CP decomposition to compress text-to-image GAN.

There are three problems to decompose the complex
model. First, implement rank decomposition in the original
model because decomposition operations involve high com-
putational cost. Second, text-to-image GANs are more com-
plex than CNN. Because the training process of GAN is using
zero-sum two-person game to learn the distribution of real
data, the training is unstable and the decomposed model is
not easy to converge. The third problem is that cross modal
image generation applications have high requirements on
the authenticity, clarity, diversity, and resolution of the gen-
erated images. It is hard to compress the model as much as
possible under the premise of ensuring the image quality.

To solve the first problem, we use CP decomposition to
reconstruct text-to-image GAN. It reduces a large number
of redundant parameters and decomposition operation cost.
Then, we use autoencoders to pretrain to stabilize the decom-
posed model. For the last problem, we explored a large
number of the experiments to find the appropriate rank to
guarantee the generated pictures’ quality. Experimental
results on representative cross modal image generation data-
sets show that our scheme can efficiently reduce computation
complexity by CP decomposition. More importantly, our
model is slightly better than the original model in FID and
achieves 20% compression in FLOPs and parameters.

The contributions of this paper can be summarized as
follows:

(i) To the best of our knowledge, this is the first paper to
use CP decomposition to reconstruct cross modal
GAN

(ii) We design a compact text-to-image GAN based on
CP decomposition and use autoencoders to pretrain,
reducing high computational cost

The rest of the paper is organized as follows: Section 2
presents the preliminaries related to this paper. In Section
3, the reconstruction process of compact cross modal GAN
architecture is illustrated. Section 4 evaluates our proposed
compact model, and Section 5 summarizes our work.

2. Related Work

The aim of this paper is to reconstruct a compact architecture
for text-to-image GAN from scratch. In this section, we
present the relevant research in text-to-image GAN and
compressing deep neural networks by rank decomposition.

2.1. GAN in Cross Modal Image Generation. The text-to-
image task extracts features from human-written descrip-
tions to generate images, which turn low-dimensional and
low-rank data into comparatively high-dimensional pictures.
It is challenging to use GAN to generate high-resolution
images according to text because of GAN’s training instabil-
ity. Reed et al. [4] first successfully used GAN to generate
64 × 64 high-quality images by modifying DCGAN; then,
they put forward GAWWN [19] to generate high-quality
128 × 128 images by using text description and object
location as conditions.

StackGAN [20] used stacked conditional GAN to gener-
ate 256 × 256 pictures for the first time. In subsequent work,
StackGAN++ [5] used tree structure and multiple generators
to generate images of different scales. In addition to condi-
tional loss, it introduced unconditional loss and colour regu-
lation. These additional conditions improved stability of the
training process and quality of generated images. The third
work of the team was to introduce the attention mechanism
[6], which synthesized fine-grained details of different sub-
areas of images by focusing on the relevant words in the nat-
ural language description. It was the first time to indicate that
layered attention GAN can automatically select word level
conditions to generate different parts of images. TAC-GAN
[21] also used condition GAN to synthesize 128 × 128 resolu-
tion images with text. Compared with StackGAN [20], its
inception score had improved by 7.8%, but resolution was
not as high as that of StackGAN. Johnson et al. [22] proposed
to use a scene map as an intermediate medium to generate
pictures. The model of Johnson et al. [22] solved the out-
standing problem of StackGAN which could not deal with
complex text. HDGAN [7] designed a pyramid hierarchy
structure to solve the problem that images do not match
the text in StackGAN [20].

ObjGAN [23] could generate complex scenes according
to text. This paper solved the problem of how to make AI
understand the relationship between multiple objects in the
scene. The generator in ObjGAN could use fine-grained
words and object-level information to gradually refine syn-
thetic images. StoryGAN [24] could draw stories based on
the sequence condition of the GAN framework. Given a
multisentence paragraph, StoryGAN could generate a series
of images and each image corresponded to a sentence,
completely visualizing the whole story. In order to get vivid
generated images, the network has been getting deep and
complex. Existing models are hard to be deployed on the
mobile end. Therefore, it is necessary to compress these
models.

2.2. Rank Decomposition. Rank decomposition is to extract
important features of a matrix, such as Singular Value
Decomposition (SVD), canonical polyadic decomposition
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(CP decomposition), Tucker decomposition, and tensor train
decomposition (TT decomposition). It reduces redundant
parameters using small and simple submatrices to represent
a complex matrix. Tucker decomposition has a core tensor.
Compared with Tucker, CP decomposition is a special
Tucker decomposition, which is simpler and more efficient
for compressing parameters. TT decomposition is suitable
for sequence data and model. Therefore, this paper uses CP
decomposition to compress the model.

Rigamonti et al. [25] used SVD and CPD to get a couple
of separable filters to approximate an original convolution
layer. It proved validity of separable convolution. Thus, many
researchers paid attention to using low-rank decomposition
to accelerate network. Some decomposed pretrained net-
works by tensor decomposition and then replaced by the
original network layer [13–16, 26–29]. Some directly
designed low-rank separable network structures [17, 18, 30,
31]. Lin et al. [16] decomposed CNN by GSVD and used
backpropagation to decrease global reconstruction error.
Based on Lin et al. [16] which only performed spatial decom-
position, Jaderberg et al. [14] explored both cross channel
and spatial decomposition. Then, Denton et al. [13] and
Lebedev et al. [15] used CP decomposition to compress and
speeded up CNN. Novikov et al. [31] used TT decomposition
to compress the model. Based on the separability of convolu-
tion, compact networks were designed and trained from
scratch [17, 18, 32].

It is feasible and necessary to compress models. There are
a few works to compress GANs [33, 34]. Li et al. [33] and Shu
et al. [34] used a pretrained network to prune to compress the
model. Due to extra high computational cost of decomposing
a pretrained network, we design a compact network architec-
ture. It is the first time to use CP decomposition for text-to-
image GANs. We train a compact model from scratch so as
to reduce cost of decomposition computation. The recon-
structed model overcomes unstable training of GANs as the
model deepens. Finally, the reconstructed model achieves
20% compression while ensuring the quality of generation.

3. Method

The architecture of our model is shown in Figure 1. Descrip-
tion embedding is concatenated to a noise vector, and then, it
is fed forward through the decomposed generator G. Gener-
ated images and real images coupled with description embed-
ding are fed to discriminator D. During the training, D learns

to distinguish whether pictures are real pictures and pair up
with text. Overall, our method has three steps: the first step
is to take a convolutional layer and reconstruct it using CP
decomposition, the second step is to pretrain a decomposed
network layer by layer, and the third step is to select an
appropriate learning rate and train the network using back-
propagation.

3.1. Canonical Polyadic Decomposition. Canonical polyadic
decomposition was proposed by Hitchcock in 1927 [35].
An N-order tensor can be decomposed into a sum of a finite
number of rank-one tensors. The finite number of compo-
nents is the tensor rank R. For example, a second-order
kernel tensorX ∈ℕi×j with rank R is given by the following
form:

X ≈ 〠
R

r=1
ar ∘ br , ð1Þ

where ∘ is the vector outer product, a ∈ℕR, and b ∈ℕR. GAN
consisted of a discriminator and a generator generally. The
discriminator and generator in GAN-int-cls are convolu-
tional neural networks. The most time-consuming opera-
tion in CNNs is convolution, which maps an input tensor
Xði, j, sÞ of size X × Y × S into an output tensor Yðx, y, tÞ
of size ðX −D + 1Þ × ðY −D + 1Þ × T . The convolution can
be represented as

Y x, y, tð Þ = 〠
x+δ

i=x−δ
〠
y+δ

j=y−δ
〠
S

s=1
K i − x + δ, j − y + δ, s, tð ÞX i, j, sð Þ,

ð2Þ
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Figure 1: Overview of our cross modal image generation model based on CP decomposition.
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Figure 2: Original convolution layer. The filter is a tensor of size
D ×D × S × T .
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where Kði − x + δ, j − y + δ, s, tÞ is a 4D kernel tensor of
size D ×D × S × T with the first two dimensions corre-
sponding to spatial dimensions, the third dimension corre-
sponding to input channels, and the fourth dimension
corresponding to output channels. The δ denotes half-
width ðD − 1Þ/2. As shown in Figure 2, the convolution
procedure consists of T convolutions of D ×D × S.

In order to compress GAN, we use CP decomposition to
reconstruct convolutional layers in a generator. Spatial
dimension in the convolutional layer does not need decom-
position as it is relatively small (e.g., 3 × 3 or 4 × 4).

K i − x + δ, j − y + δ, s, tð Þ = 〠
R

r=1
K 1ð Þ

r,s K
2ð Þ
r,j,iK

3ð Þ
t,r , ð3Þ

where Kð1Þ
r,s , K

ð2Þ
r,j,i, and K

ð3Þ
t,r are the three components of

sizes R × S,R ×D ×D, and T × R, respectively.
Substituting Equation (3) into Equation (2) and perform-

ing simple manipulations give Equation (4). Equation (4) can
approximate the convolution (Equation (2)) from the input
tensor X into the output tensor Y.

Y x, y, tð Þ = 〠
R

r=1
K

3ð Þ
t,r 〠

D

j=1
〠
D

i=1
K

2ð Þ
r,j,i 〠

R

r=1
K 1ð Þ

r,s X i, j, sð Þ
 ! !

ð4Þ

Based on Equation (4), replacing the original convolution
with a sequence of three convolutions can reduce convolu-
tional layers’ parameters. For the convenience of understand-
ing, we call these three layers as first, second, and third:

U 1ð Þ i, j, rð Þ = 〠
S

s=1
K 1ð Þ

r,s X i, j, sð Þ, ð5Þ

U 2ð Þ x, y, rð Þ = 〠
D

j=1
〠
D

i=1
K

2ð Þ
r,j,iU

1ð Þ i, j, rð Þ ð6Þ

Y x, y, tð Þ = 〠
R

r=1
K

3ð Þ
t,r U

2ð Þ x, y, rð Þ, ð7Þ

where Uð1Þði, j, rÞ and Uð2Þðx, y, rÞ are intermediate tensors
of sizes R × X × Y and R × ðX −D + 1Þ × ðY −D + 1Þ, respec-
tively. The target tensor is computed by three convolutions
(see Figure 3).

3.2. Layer-Wise Pretraining. In this paper, we design a new
architecture based on canonical polyadic decomposition
which decomposes a layer into three layers. Because the net-
work is deeper than the original model and the training pro-
cess of GAN is unstable, it is necessary to conduct layer by
layer pretraining for the model. He et al. [36] proposed that
the effect of random initialization was not worse than that
of pretraining, but the convergence time was slower. We
adopt the autoencoder to pretrain the model layer by layer.

An autoencoder consists of an encoder and decoder. The
encoder is to turn input into a hidden spatial representation.
It can be represented by a function h = f ðxÞ. The decoder is
aimed at reconstructing input from a representation of hid-
den space by function x′ = gðhÞ. As a whole, autoencoder
can be described by function gð f ðxÞÞ = x′ , where x′ is close
to original input x. Autoencoder learns valuable information
from original input by reconstruction.

The training process is that n autoencoders are trained in
sequence. After the first autoencoder training, output of the
first encoder is taken as the input of the second autoencoder.
And third autoencoder takes the output of the second
encoder as the input. The structure of the encoder is the same
as that of decomposed layers. After training, the encoder
replaces a decomposed layer. Taking the training of these
three layers first, second, and third as an example in
Figure 4, we train the first autoencoder taking the first’s input
and replace parameters of the first with those of the encoder
in the first autoencoder. Then, after taking the output of the
first as the second autoencoder’s input to train the second
autoencoder, we replace parameters of second with the
encoder’s in the second autoencoder. So is the third’s
training.

The training algorithm is shown in Algorithm 1.
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Figure 3: Decomposed convolution layers based on CP. Decomposed filters are of sizes of 1 × 1 × S × R,D ×D × R × R, and 1 × 1 × R × T . The
series of three small filters approximate the original filter.
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3.3. Selection of the Learning Rate. The learning rate deter-
mines whether objective function converges to the local
minimum and when it converges to the minimum. A suit-
able learning rate can make objective function converge to
the local minimum in a suitable time. Due to the decom-
posed model getting deeper, the learning rate should be
adjusted appropriately. The learning rate determines the
step size of weight iteration, so it is a very sensitive
parameter. Its influence on the model performance is
reflected in two aspects: the first is the initial learning rate
and the second is the transformation scheme of the learn-
ing rate.

Smith [37] put forward an excellent way to find the initial
learning rate which was called the LR range test. The method
is very simple and useful to set the learning rate. We use this
method to choose the appropriate range of the learning rate.
The accuracy or loss curve is obtained by using different
learning rates. And we can set two inflection points of

increasing and decreasing precision as the upper bound and
the lower bound.

Figure 5 is the curve of the increasing learning rate and
the curve of loss corresponding to the increase in the number
of iterations within CUB200-2011 for the reconstructed
architecture. The method LR range test has three hyperpara-
meters: iteration, max learning rate, and min learning rate. In
this paper, we set three hyperparameters as 40, 0.001, and 0,
respectively. We change the learning rate once every 40 iter-
ations. The learning rate changes according to the following
formula:

lr = lr × 101/20: ð8Þ

Figure 5 shows that loss has a minimum value when the
learning rate is around 0.0002 and loss decreases sharply
when learning rate is around 0.00017 and 0.00014.

Overall scheme of compact architecture training algorithm.
Input: mini-batch images x, matching text t, mismatching text t̂, number of training batch steps S
Output: a compact architecture for text-to-image GAN
1: Obtain three small layers as f irst, second, third using Equation (5),(6),(7) to decompose original convolutional layer;
2: Adopt autoencoder to pre-train model layer by layer;
3: Select an appropriate learning rate for the decomposed model;
4: for N = 1 to S do
5: Encode matching text description t and mismatching text description t̂ to description embedding h and ĥ;
6: Draw sample of random noise z;
7: Concatenate z to description embedding h and ĥ;
8: Feed forward z through generator and generate samples of {real image, right text}, {real image, wrong text} and {fake image, right
text};
9: Update discriminator D using Adam;
10: Update generator G using Adam;
11: end for

Algorithm 1
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Figure 5: Selection of appropriate learning rate for the decomposition model.
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4. Experiment

4.1. Setups

4.1.1. Model. We conduct experiments on a classic and basic
model in text-to-image GAN to demonstrate the generality
and effectiveness of our method. Reed et al. [4] was the first
to successfully apply generative adversarial networks to cross
modal image generation which converted a descriptive text
into images directly. The colour information obtained by
GAN and GAN-cls is correct, but images look unreal. Images
generated by GAN-int-cls are more reasonable, so we choose
GAN-int-cls.

4.1.2. Dataset. We evaluate our decomposed architecture on
the following dataset:

(i) Caltech-UCSD Birds-200-2011. There are 11788 bird
images in the data set, including 200 bird subclasses,
5994 images in the training dataset, and 5794 images
in the test set. Each image provides image class infor-
mation, bird bounding box, key part information of
the bird, and attribute information of the bird

4.1.3. Implementation Details. For the reconstructed model,
the initial learning rate is 0.00017 for both the generator
and discriminator during training. MultistepLR is a learning
rate attenuation method in Pytorch. And we adjust learning
rate by attenuation coefficient 0.85 inMultistepLR. The batch
size on Caltech-UCSD Birds-200-2011 is 64 followed by the
setting in the original paper [4] and trained for 1000 epochs.
ADAM [38] solver with beta1 0.5 is used for all models. For
the sake of comparison, we handle the dataset the same as
StackGAN++ [5]. We split CUB into class-disjoint training
and test sets and use char-CNN-RNN [19] to obtain text
embedding of given description according to images.

4.1.4. Evaluation Metrics.We use an inception score (IS) and
Fréchet inception distance (FID) to evaluate generated
images quantitatively. IS is commonly used as an evaluation
index of GAN. It evaluates the performance of generative
models to use entropy and KL divergence by feeding a large
number of generated pictures to Inception V3. The large IS
score means high quality of the generated images. FID repre-
sents the distance between the feature vector of generated
images and that of real images. Small FID score means small
distance of images distribution, which means that generated
images have high definition and rich diversity. We compute
IS and FID on 30k samples randomly generated for the test
set the same as StackGAN++ [5].

4.2. Results. In the dataset Caltech-UCSD Birds-200-2011,
our model is slightly better than the original structure in

the Caltech-UCSD Birds-200-2011 in FID and is similar to
the original model in IS. The FID and IS of the original model
are 66.92 and 2:56 ± 0:03, while those of our model were
65.05 and 2:38 ± 0:01. There are many redundant parameters
in the model. Our model got 19% and 23% reduction in
parameters and FLOPs, respectively. Our model reduces 6:8
× 109 FLOPs and 1:1 × 106 parameters compared to the
original model (see Table 1).

It is a classic topic to balance the performance and the
compression ratio. Trade-off in rank decomposed GAN is
more difficult to achieve because GAN is unstable and rank
selection is NP-hard in rank decomposition. In rank decom-
position, rank represents the compression ratio. As shown in
Table 2, we do a large number of experiments to find the bal-
ance. We explored different ranks, which are the ratios in
Table 2. The ratio is the rank ratio, where 1.0 is the full-
rank decomposition and 0.9 means about 0.9 times of origi-
nal model’s rank. Table 2 shows that with increasing rank,
FLOPs and parameters grow. FID is getting smaller and
smaller, while IS only has a little change. Maybe it is because
FID is more sensitive to model collapse and IS is little unsta-
ble. Compared with IS, FID has better robustness. When the
rank ratio is 1.0, FID and IS get the best value which is similar
to the original model. Although rank is 1.0, the model is com-
pressed by about 20%. It is effective to use CP decomposition
to design a compact GAN network. Results on the Caltech-
UCSD Birds-200-2011 dataset can be seen in Figure 6. Rank
decomposition can reconstruct a model with less parameters
from scratch without loss of generating quality.

The reconstructed model proves that there are redundant
parameters in the original model at the current optimal effect

Table 1: Comparison between the reconstructed model and the original model.

Model LR FID IS FLOPs #Parameters

Original 0.0002 66.92 2:56 ± 0:03 3:0 × 1010 5:8 × 106

Reconstructed 0.00017 65.05 2:38 ± 0:01 2:3 × 1010 4:7 × 106

Table 2: Different choices of the rank ratio for the reconstructed
model.

Ratio FID IS FLOPs #Parameters

0.1 228.37 2:36 ± 0:02 1:20 × 1010 2:46 × 106

0.2 194.18 2:25 ± 0:02 1:23 × 1010 2:56 × 106

0.3 130.46 2:31 ± 0:02 1:30 × 1010 2:69 × 106

0.4 136.44 2:33 ± 0:02 1:39 × 1010 2:86 × 106

0.5 123.24 2:32 ± 0:02 1:49 × 1010 3:07 × 106

0.6 126.94 2:37 ± 0:02 1:61 × 1010 3:31 × 106

0.7 102.00 2:26 ± 0:02 1:76 × 1010 3:59 × 106

0.8 115.88 2:28 ± 0:02 1:93 × 1010 3:92 × 106

0.9 91.54 2:32 ± 0:01 2:12 × 1010 4:28 × 106

1.0 65.05 2:38 ± 0:01 2:33 × 1010 4:68 × 106
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point. The full-rank decomposition result which is little bet-
ter than the original model in FID may be because the model
is small so that it is easier to find the area where the global
optimization point is located. In this paper, we also do quan-
tities of comparison experiments to find the global optimiza-
tion. As shown in Table 3, we adopt three schemes to
explore the optimization point. The LR range test proves
that 0.00017 and 0.00014 maybe is the better learning rates.
We used three transformation schemes of learning rate
which is fixed learning rate, CosineAnnealing with Warm-
Restarts [39], and MultistepLR. The initial learning rates
are around 0.00017 and 0.00014. The result proves that the
MultistepLR transformation scheme helps to find the global
optimization.

5. Conclusion

Cross modal GAN have a wide range of applications in
computer vision. However, these models have too high

computation and many parameters to be deployed on the
mobile end. In this paper, we developed a compact model
for text-to-image GAN based on CP decomposition. We
replace a complex convolution layer with three small
convolutions. Due to unstable training of GAN and
uncontrollable generating, we pretrained the decomposed
network layer by layer and explored a considerable
amount of experiments to select an appropriate learning
rate. We demonstrated that cross modal GAN can be
reconstructed with less parameters without quality falling.
GAN-int-cls is the most classic and basic model of cross
modal GAN. CP decomposition is a standard and efficient
tensor decomposition method. Our method has proven
that CP decomposition is an efficient decomposition
method for GAN in the general evaluation index FID
and IS. It is applicable for other cross modal GAN to
use CP decomposition. In future work, we aim to further
study a more compact and stable network architecture of
cross modal GAN.
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Figure 6: Example results generated by our proposed model and original model conditioned on text descriptions from the CUB test set.

Table 3: Comparison for different learning schemes of the reconstructed model.

Learning scheme LR FID IS

Fixed learning rate 0.0002 99.54 2:37 ± 0:02
Fixed learning rate 0.00017 120.86 2:18 ± 0:02
Fixed learning rate 0.00014 106.45 2:29 ± 0:02
CosineAnnealingWarmRestarts 0.00025~0.00012 96.95 2:29 ± 0:02
CosineAnnealingWarmRestarts 0.0002~0.0001 119.12 2:05 ± 0:02
CosineAnnealingWarmRestarts 0.0002~0.00014 91.08 2:29 ± 0:02
CosineAnnealingWarmRestarts 0.0002~0.00017 92.88 2:30 ± 0:02
CosineAnnealingWarmRestarts 0.0017~0.00014 98.09 2:36 ± 0:02
MultistepLR 0.0002 131.57 1:96 ± 0:03
MultistepLR 0.00017 65.05 2:38 ± 0:01
MultistepLR 0.00014 84.27 2:36 ± 0:03
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