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Introduction

Convolutional neural networks have
been the standard for computer vi-
sion since AlexNet [2] demonstrated
that deep convolution neural networks | iR
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show state-of-the-art results on large
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Jaccard Index

chitecture has been proposed to study
global representations.  The Trans- Figure 1: Model size vs model performance:

former archltecture IS the de facto prOposed TranSfOI'mer based decoder with

Attention-Convolution layers outperforms cor-
modern standard for natural language responding models with DeepLabVa [1] de-

recognition through the Self-Attention coder. In particular, ResNetl01 with our
block, which allows you to study rep- decoder improves Jaccard index by 7% with
resentations for the entire sequence of one third less parameters than corresponding
word vectors at any given time. The PeePlabV3 decoder.

main approach to using these models is

to train on large amounts of text data, and then continue to train the model
for a specific task. This training process is also useful for computer vision tasks.
Preliminary training uses the teacher training method, where the input image is
divided into patches (cut parts of the image), passed through a layer of projection
into the vector space, and fed to the input of the Transformer. After that, the
studied representations of images can be used in the tasks of object detection,

image description, face recognition, and many others.

The general trend of research has been to create deep and complex networks to
achieve greater accuracy. However, these advances in accuracy do not necessarily
improve the model’s efficiency in terms of size and speed. In many neural network
applications, such as robotics, self-driving cars, and augmented reality, recognition
tasks must be performed on limited computing resources and in limited time. For



this reason, models are created that show good results but require much les$
computing resources. Examples of such models are the MobileNet family [5] [6]
[7] and the recently published MobileViT model [8], which combines the strengths
of convolutional and ViT networks.

In this work, we focus on creating mobile segmentation decoder using Trans-
former blocks. General model architecture is presented in Figure 3.1/ and is com-
prised on the MobileViT encoder and our decoder. Our proposed decoder is based
on two consecutive Transformer Encoder blocks, three convolution layers with at-
tention, and a segmentation head. This decoder improves model performance by
at least 1% in the Jaccard index compared to DeepLabV3 [1], with fewer param-
eters.



Chapter 1

Related Work

For the past years, the dominant approach to segmentation tasks was to use
encoder-decoder architecture. The basic building block for such models was Fully
Convolutional Blocks (FCB). Initially, the architectures relied on stacks of FCB,
19, [10].

Later, FCB were combined with skip-connection of higher-level features from
encoder models, [11], 12} [13]. These modified architectures improved the sharp-
ness of segmentation masks because they combined lower-level and higher-level
representations and provided sharpness information.

To further improve the performance, by increasing the receptive field, dilated
convolutions were introduced, |14} [15, [16].

Recently, Transformer architecture gained popularity. Transformer architec-
tures are widely used as an encoder network, [17, 18 [19], and are starting to be
used as a decoder network, [20].



Chapter 2

Theory

2.1 Semantic segmentation

Image segmentation task is essential for a number of applications, including au-
tonomous driving, medicine, etc. The purpose of this task is to classify each pixel
of an image to a corresponding class, mathematically it can be formulated as

following )
fo(X) =Y (2.1)

where X is an input image, f is a model with weights 6 that transforms input
image to an output segmentation mask Y.

Figure 2.1: PASCAL VOC 2012 sample images with corresponding masks.

2.2 Convolution layer

Convolution kernel (filter) is a basic building block of many computer vision
models. This convolution is applied to an input image, and the output is a
transformation of an original image be the values from the kernel.

G(m,n) = > hlj, k] f[m — jln — K], (2.2)
J k



where h is a convolution kernel, f - input matrix (either image or feature map,
m and n stand for indexes of rows and column, respectively.

2.3 Transformer architecture

Transformer architecture was first introduced in a paper by Vaswani et al.|21].
Originally the paper addressed natural language processing task, in particular
machine translation. Since than, Transformer architecture became widely used in
computer vision in the models like Visual Transformer [4], Swin Transformer [?],
SepViT [22], DeiT [23], etc.

Scaled Dot-Product Attention is performed using three matrices that represent
queries (Q), keys (K'), and values (V). These matrices are computed using a feed-
forward neural network with a single hidden layer. Matrix output is computed
using the following formula

. QKT
Attention(Q, K, V) = softmax
@K.V) <¢d—k

where dot product is computed on queries and keys, divided by +/d; and apply-
ing softmax function to get the weights across values. Scaling factor \/Ldj is used

to prevent softmax function from shifting to the regions with small gradients.

1% (2.3)

Instead of using a single attention head, multiple (h) attention heads are
trained in parallel. On each head, queries, keys, and values are learning rep-
resentations from different subspaces. On the output, h d-dimensional vectors are
concatenated and projected with a matrix Wy as in the following formula

MultiHead(Q, K, V) = Concat(heady, heady, ..., head,)Wo, (2.4)

where head; = Attention(QWE, KWK VWY). Projections are obtained by

weight matrices VVZ-Q € Rimoderxd WK ¢ Ridmoderxdi PV ¢ Rmoderdv and WO
thdemodel

2.4 Loss function

Dice Loss J [24], sometimes known as Jaccard index, was used as a loss function
using which we are trying to optimize our models. The function is bounded by 0
and 1, and can be mathematically formulated as follows:

~ N A
) o 9 T N N A
|Y‘ U ‘Y‘ Zi:l Y + Zizl Yi;

(2.5)



where we run over N pixels over ground truth mask y; € Y and predicted mask
y; € Y. In order to optimize model weights, the loss function is differentiable,
yielding a gradient

9 N N A A N N
dJ(VY) | w0 0+ o 07) — 20,(55 vidh) (26
dy; (i i+ i, i)?

with respect to the predicted pixel j.



Chapter 3

Proposed segmentation model

The classic approach of segmentation models is to use a pre-trained decoder on a
large image classification dataset, like ImageNet [3], and to add a decoder network
that aims to decode latent space information to a segmentation mask.

As part of our work, we have experimented with MobileVit [8] and ResNet [25]
encoder models. From each model 4 feature maps were used, and corresponding
feature map shapes are presented in the Table 4.1 The last feature map from the
encoder model is used as a bottleneck of the model and is passed through the first
layer of the decoder network. The other three feature maps are used in the later
layers to pass higher-level information of an original image. These feature maps
represent so-called skip-connection and are combined with lower-level features
from a decoder to pass to the later decoder stages.

Decoder model consists of two Transformer layers, three Attention-Convolution
layers and a final convolution classification head. Decoder input z§"de" € Re*/oxwo,
where ¢y is a number of channels at level 0, hg is a height of the feature map on
level 0, and wy is a width of the feature map, is flattened to xS”COd” e Reoxho-wo
and passed through Transformer blocks. Output feature maps are back reshaped
to the original shape z{¢o®r ¢ Re*hoxwo and concatenated with the higher-level
encoder feature map x§"eder ¢ Rev<hxwn,

gecoder ¢ Reoxhoxwo jg hilinearly upsampled, to match the shape of the encoder
feature map, x§"odr ¢ Ra@>*m>xwi  These two samples are then combined by the

following formulas

& = ReLU(BatchNorm(Conv(z{"%"))) (3.1)

y = AvgPool (zdecoder)
y = Sigmoid(BatchNorm(Conv(y))) (3.2)



CI:,gecoder — 2+ xcliecoder (339

All the following two attention-convolution blocks are computed in the same
manner as in the above formulas. Output %" is then passed to a convolution-
classification head, that bilinearly upsamples feature map to an original image
shape, and builds a separate channel for each segmentation class. Visualization
of the encoder-decoder model can be seen on the Figure [3.1]

Transformer architecture on the lower-level features gives a model feature-level
global information about the potential regions of a certain class. Whereas moving
up to the classification head, convolution layers make use of the previously learned
global information and try to build a local region representation, using feature
maps from the corresponding level of an encoder model.

conv3-
decoder-
skip

Figure 3.1: U-Net shape segmentation model architecture, with MobileViT pretrained encoder
and proposed Transformer based decoder architecture with Attention-Convolutions layers
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Chapter 4

Experiments

This section describes the training settings of all the experiments.

4.1 Dataset

We have experimented with PASCAL VOC2012 dataset [26] (sample batch is
presented on Figure 2.1). 1464 samples in training set and 1449 in validation
set. Each image was reshaped to a size (3,480, 480), and normalized with mean
(0.485,0.456,0.406) and standard deviation (0.229, 0.224, 0.225) of ImageNet dataset

13].

4.2 Optimization

Fach experiment was conducted using Adam|[27] optimizer with cosine annealing
learning rate 28] according to the formula.

1 T,
Nt = Nmin + _(nmax - nmin)(l + cos ( = 7T) (41)
2 max
where 7,4, is a base learning rate of 9e™*, and 7, - minimum learning rate was
set to 9e 0. Ty and T,qe are a current number of epochs and maximum number
of epochs, respectively.

4.3 Hardware

We have trained our models on one Tesla V100-SXM2-16GB GPU. All models
were trained for 3000 steps. MobileViT-based models were trained for up to 1
hour and ResNet-based models were trained for up to 2 hours.

Model runtime performance stated in Tables[5.1]and [5.2] was measured on Tesla
V100-SXM2-16GB GPU and Intel Xeon CPU (2.00GHz).



4.4 Model configurations

Our experiments were conducted using
two sets of models: MobileVit [§] and
ResNet [25]. Depending on the model
variant different numbers of channels
were used. These channels were passed
through later model blocks and were
passed as a skip-connection to decoder-

model blocks. These channel shapes
are presented in Table [4.1]

The model is comprised of two
Transformer blocks. FEach block uses
d_model of 225, n_heads of 5,
d__ feedforward of 256, and a dropout
of 0.2.

12

# Channels

MobileViT _XXS
MobileViT XS
MobileViT S

[24, 48, 64, 320]
[48, 64, 80, 384]
(64, 96, 128, 640]

ResNet18 64, 128, 256, 512]
ResNet50 256, 512, 1024, 2048
ResNet101 256, 512, 1024, 2048

Table 4.1: Number of channels a model outputs
on each model block.

Extensive parameter search is a part of out future work.
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Chapter 5

Results

5.1 Metric performance

On PASCAL VOC 2012 dataset, the largest encoder-models of their class (Mo-
bileViT S and ResNet-101), combined with the Transformer based decoder with
Attention-Convolution layers, performed the best in therms of Jaccard index met-
ric performance - 61% and 63%, respectively. If we make encoder to encoder
comparison, our proposed decoder outperforms DeepLabV3 decoder from 1% to
6% for MobileViT encoder and from 2% to 7% for ResNet encoder. Being precise,
our decoder combined with MobileViT XXS outperforms by 1%, with Mobile-
ViT XS by 4%, and MobileViT _S by 6%. Same performance improvement can
be seen in the case of Residual Networks. Our decoder architecture outperforms
DeepLabV3 decoder combined with ResNet-18 by 4%, ResNet-50 by 2%, and
ResNet-101 by 7%.

5.2 Inference speed

In terms of inference speed, there is a correlation between number of parameters
and frames per second (FPS) speed. MobileVit XXS with our decoder slightly un-
derperforms MobileViT XXS with DeepLabV3, with a use of just-in-time (JIT)
compiler, on both GPU and CPU accelerators. The opposite situation can be
seen in the case of ResNet models, inference speed of ResNet-18 with our decoder
performs almost two times faster than corresponding model with DeepLabV3 de-
coder.

This can be explained by the time complexity of the operations, Multi-Head
Attention block time complexity is O(n?-d+mn-d?), where n is a sequence length
(length of image patches), d - depth. Convolution complexity is O(n - d?). There-
fore, when the difference in number of paremeters between convolution-based
decoder and transformer-based decoder is small, less than a million parameters
in a case of MobileViT XXS, time complexity of the opperetions is crutial. On



the other hand, when the difference is counted as number of millions, as in thé
case of ResNet-18 (the difference is four million parameters), time complexity of
separate model blocks plays less important role.

Detailed summarization of tested models is present on Tables [5.1 and [5.2, and
the predicted segmentation masks can be seen on the Figures [5.1] and

Table 5.1: Results obtained with MobileViT encoder models on Pascal VOC 2012 validation set.
Results include model performance on Jaccard index metric as well as inference speed, measured
in frames per second. Inference speed was measured using GPU and CPU accelerators, with
default and optimized (JIT) compiler for PyTorch models.

# Params Jaccard index FPS  Batch size Accelerator JIT

MobileViT _XXS + DeepLabV3 2.4m 50% +0.2% 3.44 2 CPU False
3.49 2 CPU True

85.57 8 GPU False

96.75 8 GPU True

MobileViT XS + DeepLabV3 3.5m 53% +0.2% 1.90 2 CPU False
1.95 2 CPU True

86.84 8 GPU False

87.66 8 GPU True

MobileViT S + DeepLabV3 7.5m 55% +0.2% 1.47 2 CPU False
1.51 2 CPU True

80.24 8 GPU False

81.36 8 GPU True

MobileViT XXS + Transformer 1.7m 51% +0.5% 3.47 2 CPU False
3.43 2 CPU True

94.95 8 GPU False

96.23 8 GPU True

MobileViT XS + Transformer 2.7Tm 57% +0.1% 1.94 2 CPU False
1.99 2 CPU True

86.01 8 GPU False

86.38 8 GPU True

MobileViT _S + Transformer 5.7m 61% +0.2%  1.52 2 CPU False
1.51 2 CPU True

79.62 8 GPU False

84.07 8 GPU True
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Table 5.2: Results obtained with ResNet encoder models on Pascal VOC 2012 validation set.
Results include model performance on Jaccard index metric as well as inference speed, measured
in frames per second. Inference speed was measured using GPU and CPU accelerators, with
default and optimized (JIT) compiler for PyTorch models.

# Params Jaccard index  FPS  Batch size Accelerator JIT

ResNet18 + DeepLabV3 16m 46% +0.3% 0.51 2 CPU False
0.49 2 CPU True

46.38 8 GPU False

51.69 8 GPU True

ResNet50 + DeepLabV3 39m 55% 40.3% 0.21 2 CPU False
0.20 2 CPU True

25.87 8 GPU False

26.08 8 GPU True

ResNet101 + DeepLabV3 58m 56% 40.4% 0.13 2 CPU False
0.14 2 CPU True

18.94 8 GPU False

19.04 8 GPU True

ResNet18 + Transformer 12m 50% £0.1% 3.13 2 CPU False
3.09 2 CPU True

102.63 8 GPU False

81.67 8 GPU True

ResNet50 4 Transformer 25m 57% £0.2% 1.21 2 CPU False
1.25 2 CPU True

73.23 8 GPU False

68.44 8 GPU True

ResNet101 + Transformer 44m 63% +0.2% 0.74 2 CPU False
0.75 2 CPU True

57.97 8 GPU False

56.44 8 GPU True
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Figure 5.1: Visualization of segmentation maps predicted by DeepLabV3 and Transformer
decoders with MobileViT-XXS, MobileViT-XS, MobileViT-S backbones.
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.

Figure 5.2: Visualization of segmentation maps predicted by DeepLabV3 and Transformer
decoders with ResNet-18, ResNet-50, ResNet-101 backbones.



18

Conclusion

In this work we have presented a model that efficiently balances between local
representations obtained by convolution blocks and a global representations ob-
tained by transformer blocks. Proposed model outperforms, previously, standard
decoder architecture DeepLabV3 by at least 1% Jaccard index with smaller num-
ber of parameters. In the best case this improvement is of 7%.

As part of our future work we plan to experiment with (1) MS COCO dataset
pretraining [29] (2) hyperparameters search
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