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Abstract

Segmentation has seen a remarkable performance advance by using deep

convolution neural networks like other fields of computer vision. This is nec-

essary technology because we can understand surrounded scenes and recog-

nize the shape of an object for various visual applications such as AR/VR, au-

tonomous driving, surveillance system, etc. However, most previous methods

can not directly be used for real-world systems due to tremendous computation.

This dissertation focuses on image semantic segmentation and semi-supervised

video object segmentation among various sub-fields in the overall segmentation

realm to reduce model complexity. We point out redundant operations from con-

ventional frameworks and propose solutions from three different perspectives.

First, we discuss the spatial redundancy issue in a decoder. The decoder con-

ducts upsampling to recover small resolution feature maps into the original reso-

lution to generate a sharp mask and classify each pixel for finding their semantic

categories. However, neighboring pixels share information and get the same se-

mantic category each other, and thus we do not need independent pixel-wise

computation in the decoder. We propose superpixel-based sampling architec-

ture to eliminate the decoder process by reducing spatial redundancy to resolve

this problem. The proposed network is trained and tested with only 0.37% of to-

tal pixels with a re-adjusting learning rate scheme by statistical process control

(SPC) of gradients in each layer. We show that our network performs better or

equal accuracy comparison with various conventional methods on Pascal Con-

text, SUN-RGBD dataset.

Second, we point out the dilated convolution in an encoder. This is widely
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used for an encoder to get the advantage of a large receptive field and improve

performance. One practical choice to reduce computation for executing mobile

devices is applying a depth-wise separable convolution strategy into a dilated

convolution. However, the simple combination of these two methods incurs se-

vere performance degradation due to the loss of information in the feature map

from an over-simplified operation. We propose a new convolutional block called

Concentrated-Comprehensive Convolution (C3) to compensate for the informa-

tion loss to resolve this problem. We apply the C3-block to various segmen-

tation frameworks (DRN, ERFnet, Enet, and Deeplab V3) to prove our pro-

posed method’s beneficial properties on Cityscapes and Pascal VOC datasets.

Another issue in the dilated convolution is different latency times depending

on the dilation rate. Theoretically, the dilated convolution has a similar latency

time regardless of dilation rate, but we observe that the latency time is seriously

different up to 2 times. To mitigate this issue, we devise another convolutional

block called the spatial squeeze (S2) block. S2-block utilizes an average pool-

ing trick for squeezing spatial information to understand long-range information

and reduce lots of computation. We provide qualitative and quantitative analysis

of a proposed network based on S2-block with other lightweight segmentation

and compare the performance with C3-block on the Cityscapes dataset. Also,

we demonstrate that our method successfully is executed for a mobile device.

Third, we also tackle the temporal redundancy problem in video segmenta-

tion. One of the critical techniques in computer vision is how to handle video

data efficiently. Semi-supervised Video Object Segmentation (semi-VOS) prop-

agates information from previous frames to generate a segmentation mask for

the current frame. However, previous works treat every frame with the same im-
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portance and use a full-network path. This generates high-quality segmentation

across challenging scenarios such as shape-changing and occlusion. However,

it also leads to unnecessary computations for stationary or slow-moving objects

where the change across frames is little. In this work, we exploit this observa-

tion by using temporal information to quickly identify frames with little change

and skip the heavyweight mask generation step. To realize this efficiency, we

propose a novel dynamic network that estimates change across frames and de-

cides which path – computing a full network or reusing the previous frame’s

feature – to choose depending on the expected similarity. Experimental results

show that our approach significantly improves inference speed without much

accuracy degradation on challenging semi-VOS datasets – DAVIS 16, DAVIS

17, and YouTube-VOS. Furthermore, our approach can be applied to multiple

semi-VOS methods demonstrating its generality.

keywords: 2D segmentation, Image semantic segmentation, Lightweight

segmentation, Video object segmentation, Semi-supervised video object seg-

mentation, Video object tracking, Deep learning

student number: 2016-30731
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Chapter 1

Introduction

Segmentation is widely applicable in various computer vision fields such as au-

tonomous vehicles, AR/VR, robotics, and surveillance. Many researchers have

developed various models for handling image or video data more efficiently,

depending on each application’s characteristics.

Based on their data and purpose, we can divide the sub-field of segmenta-

tion as shown in Figure 1.1. Roughly, segmentation can be divided into image

segmentation and video segmentation. Semantic segmentation is the most es-

sential and fundamental sub-field in this realm. The purpose is to group a given

image according to semantic meaning and identify each group’s semantic in-

formation. Therefore we can grasp the exact location and shape of objects and

understand the scene for various applications. Like many other computer vision

applications such as object detection and image classification, the segmenta-

tion architectures have been introduced and applied to improve the performance

of the semantic segmentation so far based on convolutional neural networks

(CNN) [86, 90, 22]. Instance segmentation divides each instance in a segmenta-

tion mask while recognizing semantic information. For knowing each instance
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Figure 1.1: Categorization of segmentation field following their dataset and pur-

pose

in the same semantic region, the model usually conducts object detection and

generates a fine segmentation map inside the bounding box [27, 54, 8]. Panop-

tic segmentation is combining instance and semantic segmentation. In detail, it

conducts instance segmentation for things objects such as such as humans, cars

and so on to segment all object instances uniquely, and semantic segmentation

for stuff objects such as road, sky, and so on to assign a class label [43, 113, 14].

Video object segmentation is an extended research field from image semantic

segmentation to handling video dataset [57, 66, 34]. Finally, semi-supervised

video object segmentation (semi-VOS) is a unique task from others that tracks

objects of interest across all the frames in a video. In the first frame, the ground

truth mask of the object is given for defining the target object and embedding

target information. It resolves the limitation of previous video tracking models

with a bounding box for AI services because the model is available to grasp the

accurate shape of objects.

This dissertation focuses on only two representative tasks among the

segmentation field to reduce the redundant computation: 1) image seman-

tic segmentation 2) semi-VOS. Because image semantic segmentation is a fun-

damental task in the overall segmentation field, and semi-VOS is a distinctive

2



task from others. Also, the reason for researching reducing computation is that

pixel-wise classification causes many bottleneck processes than other computer

vision tasks and hinders real-world application usage.

1.1 Challenging Problem

In this section, we explain the general process of semantic segmentation and

semi-VOS task and tackle challenging problems for applying real-world appli-

cations.

1.1.1 Semantic Segmentation

Semantic segmentation comprises an encoder for feature extraction and a de-

coder for recovering original resolution for an accurate mask. It takes a single

image as input and generates a semantic mask of the same size as input. First,

we discuss the detailed process of the decoder and what redundant computation

is in it. Then we talk about the general structure of the encoder and a strategy

for making it more efficient.

The decoder is a unique stage that distinguishes segmentation from other

computer vision tasks, and it causes two spatially redundant computations. The

resolution of the feature map is decreased after forwarded multiple layers in the

encoder for feature extraction. For example, when using the VGG as a feature

extractor, the final feature map becomes 32 times smaller than the original in-

put size. Therefore, the decoder gradually increases the small feature map by

fetching additional information from the encoder, as shown in Figure 1.2 (a).

In Figure 1.2 (b), the quality of masks is totally different depending on the

decoder process. Usually, many methods concatenate multi-layer features and

3



(a)

(b)

Figure 1.2: (a) General structure of semantic segmentation. FCN-Ns means ap-

plying N× bilinear upsampling into the predicted feature map to recover the

original input size.

perform CNN-based upsampling methods such as deconvolution, unpooling, etc

[86, 3, 2, 67]. For example, the quality of masks is totally different depending

on each decoder process, FCN-Ns [58], as shown in Figure 1.2 (b)1. FCN-Ns

means applying N× bilinear upsampling into predicted feature maps without

fusing predicted feature maps with additional feature maps of the encoder. In

other words, when the value of N is large, it makes less sharp masks. Therefore,

when the decoder process is not adequately used, the segmentation mask be-

comes coarse due to missing detailed shape. However, using feature maps from

shallow layers implies inflows of nuisance information for making the final seg-
1This figure takes from [58]
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mentation map. For example, when we make a mask like a Figure 1.2 (b), details

of a face, a pattern of clothes, and so on are not necessary information, and it is a

kind of noise for generating the final mask. Therefore, the decoder filters out the

nuisance information again when it recovers the resolution of the feature map

again. Also, the computation is easily increased due to the growing height and

width of the feature map. Another redundant computation occurs last of a layer

in the decoder for finding a semantic class for every pixel. When we think of the

characteristic of segmentation mask more, the pixel neighbor has the same class,

obviously. However, many researchers less consider this and design redundant

frameworks.

Empirically, the segmentation accuracy is improved by a large receptive

field [119, 9]. This is the reason many models use dilated convolutions (atrous

convolution) for feature extraction. Dilated convolution is modified from stan-

dard convolution by applying zero-padding into a kernel of convolution to in-

crease receptive field artificially with the same amount of computation from

standard convolution. This helps the model get a broad view of understanding

the input by taking long-range contextual information.

However, dilated convolution is not a perfect solution for improving accu-

racy. Many encoders based on dilated convolution are combined with a depth-

wise convolution strategy for reducing computation for an embedded system.

We observe that a simple combination of dilated convolution and depth-wise

convolution worsens the problem, which aggravates mask quality by a weird

checkered pattern [107, 61]. Also, when we use dilated convolution in mobile

devices, the speed of forwarding in the convolution block is extremely different

depending on the dilation rate. Theoretically, the speed should not be changed

according to the dilation rate, but the memory reading issue makes an enormous

5



(a)

(b)

Figure 1.3: General structure of semi-supervised video object segmentation. (a)

Approach based on the propagation of mask or feature map. (b) Approach based

on embedding target information.

difference.

1.1.2 Semi-supervised Video Object Segmentation

The difficulty of the semi-VOS task is that model makes an accurate object

mask regardless of the type of its class, gradual shape-changing of the object,

and occlusion from other objects. There are two approaches 1) propagation of

a given mask or features across frames to re-align the information for current

frames as shown in Figure 1.3 (a) 2) embedding target object from the given

6



condition and matching the embedded information with subsequent frames as

shown in Figure 1.3 (b).

Optical flow is usually applied for the first approach by estimating pixel-

wise movement vectors or trajectories. The model re-align the given mask as

following the optical flow for each pixel. However, even though the optical flow

is only a part of the entire process, it needs a huge resource to compute. For

example, RAFT [99] is one of the fast models in this field, but it needs 550

ms per frame on 1080p (1088x1920) video. Also, calculating trajectories of

every pixel is too much information for segmentation due to two reasons. 1) it is

not necessary to know every pixel’s flow; only interest target is enough. 2) For

generating a mask, it is sufficient to know the binary information of whether

a pixel is changed to foreground or background. Therefore, this is not proper

for real-time visual application due to enormous time consuming, and many

researchers adopt the second approach for fast inference.

Due to the above reason, the second approach is selected for the visual ap-

plication and, it generally consists of extracting feature map as ft, localizing the

desired target as At, and generating mask from localized information. To gen-

erate an accurate segmentation mask, the model finds where the target object is,

even if there are other similar objects in the same frame. Also, the model has

to handle a target’s shape-changing from the first given image and correspond-

ing mask regardless of its class by updating target information. Many methods

are proposed to embed essential target information and develop a fast matching

method between target information and input frames.

Another challenging problem is handling temporal information efficiently.

Many semi-VOS models execute the same full model for every frame regardless

importance of each frame. However, most sequential frames are usually similar
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to each other. This implies that the object location is nearby the previous loca-

tion, and thus the model does not need to calculate for the entire image. It is

enough to take a partial region around the previous location. Alternatively, the

previous and current frames are similar, and the model can skip sub-network by

reusing previously calculated results. However, many researchers less consider

those redundant computations and can not deal with video data efficiently in this

field.

1.2 Contribution

The contribution of this dissertation is reducing computation for the real-time

segmentation model. First, we show efficient strategies for image semantic seg-

mentation task 1) reducing spatial redundancy in decoder 2) proposing novel

convolution block to alleviate weakness of dilated convolution. Second, we ex-

tend to the video task and demonstrate a novel dynamic inference framework by

reducing temporal redundancy.

1.2.1 Reducing Spatial Redundancy in Decoder

Pooling or strides are used for extracting robust features and understanding

global (long-range) information rather than using the convolution of large ker-

nels. Thus, the feature map becomes much smaller than the original size, and the

resolution of the feature map is upsampled with additional calculations from the

decoder. However, neighboring pixels have a high probability of belonging to

the same semantic class and having a close relationship. The upsampling with

CNN layers overlooks this shared information but calculates each pixel inde-

pendently. Therefore, there is huge spatial redundancy in the decoder process
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Section 3 is researched under the above motivation and proposes a novel

segmentation framework without the decoder based on the sampling method. In

detail, we group neighboring pixels for making superpixels and extract a sample

from the group for knowing the region’s semantic class. Then, we assign the

same class to other pixels in the same superpixel as the sample. We can reduce

the amount of computation for upsampling and classification in the training and

testing by the sampling method. Also, the sampling can eliminate the need for

upsampling and show better performance by using less than 1% of the total

pixels through sampling.

1.2.2 Beyond Dilated Convolution

Using dilated convolution is a basic method to improve segmentation perfor-

mance. For further cut down of complexity, dilated convolution is modified to

depth-wise separable dilated convolution (ds-Dilate). However, this causes qual-

itative degradation due to wrong checker pattern masks. Section 4 analyzes the

reason for this performance degradation and proposes two solutions to mitigate

this problem.

We conjecture that ds-Dilate becomes an over-simplified operation from

standard convolution, and it leads to performance degradation. To compensate

for the loss of information and get enough receptive field without requiring enor-

mous complexity, we introduce a new concentrated-comprehensive convolution

(C3) block. We prove a new convolutional block that can replace the standard

dilated convolution to reduce the complexity of a segmentation model while pre-

serving accuracy. We conducted extensive experiments on Cityscapes to prove

that our proposed C3 block can be easily applied in a plug-and-play manner

to many models (ESPnet, ERFnet, Enet, DRN, Deeplab V3) which use dilated
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convolutions.

Another issue of dilated convolution is the different latency times from the

dilation rate in mobile devices. To mitigate this problem, we propose another

convolution block that has a large receptive field and less computation than di-

lated convolution by average pooling and bilinear upsampling. We squeeze the

spatial resolution from each feature map by average pooling and recover the

resolution by bilinear upsampling.

1.2.3 Reducing Temporal Redundancy in Semi-supervised Video

Object Segmentation

The Semi-VOS field is also rapidly improved and shows high accuracy in a

real-world environment. However, many researchers less consider the real-time

condition and lots of temporal redundancy across frames. In other words, most

of the current and previous frames are similar to each other.

In section 5, we propose a novel dynamic inference framework to boost

model speed and preserve model accuracy by reusing previous results when the

current frame is similar to the previous one. To the best of our knowledge, our

method is the first attempt to use a gate module for temporal information in this

field. To identify the current frame’s similarity with the previous frame, we use

the template matching method to estimate how much objects changed across

frames. We design a cheap mechanism for generating masks across frames by

reusing previous feature maps, when there is little movement. We also propose a

novel loss function, gate probability loss, with the concept of IoU to encourage

the model to learn when to skip sub-network and learn cheaper mask generation

path without performance degradation.
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1.3 Outline

The structure of this dissertation is composed as follows: In chapter 2, prior

works related to semantic segmentation about feature extraction and upsampling

method, and semi-VOS approaches about how to find target are reviewed. Then,

we also explain the general method to reduce model complexity in various tasks.

From Chapter 3 to Chapter 5, we discuss our proposed methods for better

lightweight segmentation architecture. In Chapter 3, we demonstrate a sampling

method based on a superpixel to remove the decoder stage while improving ac-

curacy. Chapter 4 discusses the weakness of dilated convolution and demon-

strates two solutions for a better efficient feature extractor. Chapter 5 extends to

the video dataset, and a novel dynamic framework improves model speed while

preserving original accuracy for any VOS model. Finally, chapter 6 provides

conclusions and future works of this research.
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Chapter 2

Related Work

In this chapter, we describe previous researches related to semantic segmenta-

tion, semi-supervised video object segmentation (semi-VOS), and various meth-

ods for designing lightweight architecture in deep learning. First, in Section 2.1,

we explain upsampling method based on using neural networks in the decoder

and diverse methods to reduce the burden of the decoder. Then section 2.2, we

mainly discuss efficient feature extraction modules for improving model accu-

racy in lightweight models. In section 2.3, we provide a thorough review of

semi-VOS approaches and their idea for tracking a class-agnostic object by seg-

mentation mask. Finally, in Section 2.4, we explain general methods that can be

applied to any task model to reduce model complexity.

2.1 Decoder for Segmentation

The decoder recovers the resolution of the feature map. After then it classifies

each pixel for finding its semantic class. For doing this, there are two approaches

for generating a sharp mask 1) applying CRF (conditional random field) 2) con-

12



catenating features from an encoder.

Some researchers combine the structure of CRF (conditional random field)

and convolutional neural network (CNN) [52, 9]. Piecewise-CRF [52] first com-

putes the potential function value through the CNN model. Then, a mean-field

approximation is applied to perform semantic segmentation. Similarly, DeepLab

[9] combines the recognition capacity of the deep learning model and the fine-

grained localization accuracy of CRFs. However, CRFs makes it hard to end-to-

end training and use GPU computing power. Therefore, the full CNN framework

becomes more popular from [58]. Many researchers propose novel methods that

concatenate features in intermediate layers and the final layer to obtain high-

quality features that contain fine-detail information on each pixel. The studies

in [26, 3, 2, 67, 121] belong to this line of research. For example, the hypercol-

umn of a pixel is defined as a stacked vector of all features in feature maps in

every different layer corresponding to the pixel [26]. The methods of shift and

stitch [86], deconvoution [67], and unpooling [3, 2, 67] gradually recover the

missing information by adding extra shallow layer features of the same target

resolution [121].

However, using CNN based decoder cause huge extra operation. For exam-

ple, neighboring pixels have a high probability of assigning the same seman-

tic class and sharing the same information. Still, a model based on CNN can

not consider this relation and conduct unnecessary operations. Therefore, there

is another framework based on sampling for reducing wasteful operations. In

[4], they randomly extract samples from the feature map to cut off dependency

among the pixels and deliver the gradient only to the sampled ones for statistical

efficiency. However, they must create full-hypercolumn feature maps with the

same size as the original image at the time of inference. Also, they still use a
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large number of samples than ours in the training stage. Therefore, the redun-

dant operation is still performed in [4]. In [63], multi-layer features are created

by average pooling in each superpixel for semantic segmentation. Recently, the

two-branch method is suggested for better segmentation accuracy and removing

the burden of decoder. ContextNet [78] and FastSCNN [79] design a two-path

network, each branch of which is for global context and detailed information,

respectively. BiSeNet [118] also proposes a similar two-path network for pre-

serving spatial information as well as acquiring a large enough receptive field.

However, it needs to calculate features twice, once for each branch.

2.2 Feature Extraction for Segmentation Encoder

The challenging point of the segmentation task is that the model is designed to

solve two contradictory problems simultaneously; (1) Handling long-range de-

pendencies or global consistency and (2) preserving detailed local information.

Global consistency and long-range dependencies are critical factors for the

segmentation task. Models without a large enough receptive field will produce

error-prone segmentation maps. One way of creating a large receptive field is to

use large kernels. However, this is not suitable for lightweight models due to a

large number of parameters and huge computation. Another method is to reduce

the size of feature maps through downsampling, but this leads to difficulties in

segmenting small or narrow objects. To resolve this problem, the dilated convo-

lution (or atrous convolution) [119, 10] is a widely used method in segmenta-

tion due to a large receptive field without increasing the amount of complexity

by inserting holes between the consecutive kernel pixels. DeepLab V3 [11] and

DenseASPP [116] use a set of different dilation rates in convolutional layers to
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generate more dense multi-scale feature representation. DRN [120] adds dilated

convolution in ResNet [28] and modifies the residual connection for better accu-

racy. DeepLabv3+ [12] applies the depth-wise separable convolution (ds-Conv)

to the atrous spatial pyramid pooling (ASPP) and a decoder module based on

Resnet [28] and Xeception model [16]. Recent researches have started to com-

bine dilated convolution with the ds-Conv. However, ds-Conv is not a perfect

solution. When the number of valid trained weights decrease as the dilation rate

is increased and makes performance degradation [11].

Another method is to represent a multi-scale receptive field to preserving

detailed local information. To do this, some works use a multi-path structure for

feature extraction [61, 62, 72]. Each module splits the input feature map and

translates the feature map with a different dilation rate. Another work applies

global attention for upsampling. The feature pyramid attention [48] uses global

pooling to enhance the high-resolution feature map from the low-resolution. Re-

cently, the asymmetric non-local block [128] is proposed, inspired by the non-

local block [109] and spatial pyramid pooling. However, the non-local block

calculates all the pairwise pixel dependencies, and the computation is heavy.

Asymmetric non-local block approximates the calculation with spatial pyramid

pooling. However, the computational cost is still too large to fit a lightweight

model. Recently, some works adopt average pooling to reduce complexity more

[106, 47].
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2.3 Tracking Target for Video Object Segmentation

2.3.1 Mask Propagation

Mask propagation methods realign the given segmentation mask or features.

Optical flow is widely used to measure the changes in pixel-wise movements

of objects in VOS [40, 19, 100, 85]. Segflow [15] designs two branches of im-

age segmentation and optical flow. A bidirectional architecture combines both

information flows into a unified framework to estimate target masks. Similarly,

FAVOS [51] and CRN [32] utilize optical flow information to refine a coarse

segmentation mask into an accurate mask.

2.3.2 Online-learning

Online-learning algorithms learn to update models from data streams in sequen-

tial manners during the inference stage [82, 127, 44]. In the semi-VOS task,

online learning takes place as fine-tuning the segmentation model during the

inference stage given the image and the target mask of the first frame to in-

ject the strong appearance of the mask into the model [60, 75, 6]. However, the

fine-tuning step causes a significant bottleneck. FRTM [80] tackles this issue

by splitting the model into two sub-networks: a lightweight target appearance

model trained online and a segmentation network trained offline.

2.3.3 Template Matching

Template matching is one of the common approaches in the semi-VOS domain.

In template matching, models generate a target template and calculate the sim-

ilarity between the template and given inputs. A-GAME [38] employs a Gaus-

sian mixture model to learn the target and background feature distributions.
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RANet [110] integrates a ranking system to the template matching process to

select suitable feature maps according to their importance for fine-grained VOS

performance. FEELVOS [104] calculates a distance map by local and global

matching mechanism to transfer previous information to the current frame for

better robustness. Furthermore, SiamMask [108] exploits a depth-wise opera-

tion to make the matching operation faster. STM [68] and GC [49] integrate the

memory network approach [41, 95, 111]. However, this approach requires lots

of resources in maintaining the memory. TTVOS [71] proposes a lightweight

template matching method for reducing the burden of computation where the

temporal consistency loss is used to endow a correction power about the incor-

rectly estimated mask to the model. They claim that measuring the exact optical

flow for temporal consistency is too demanding, and they estimate a transition

matrix to identify the regions changing from background to foreground and vice

versa.

2.4 Reducing Computation for Deep Learning Networks

2.4.1 Convolution Factorization

Convolution factorization divides a convolution operation into several stages to

reduce the complexity of original convolutions. In Inception [97, 98, 96], sev-

eral convolutions are performed, respectively, and the results are concatenated.

Then, a 1 × 1 convolution is used to reduce the number of channels. Xception

[16], MobileNet [30] and MobileNetV2 [83] use depth-wise separable convolu-

tion (ds-Conv), which performs spatial and cross-channel operations separately

for decreasing computation. ResNeXt [112] and ShuffleNet [124] apply a group

convolution to reduce complexity.
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2.4.2 Dynamic Network

Dynamic networks perform efficient inference by dynamically choosing a sub-

set of networks depending on the input. Constructing a dynamic inference path

by dropping sub-layers of a network using gating modules has been widely stud-

ied in image-level tasks [129, 65, 102, 46]. This approach has been applied to

image segmentation [117] and has been recently extended to the video domain

as well [13, 31, 122, 50, 87]. Chen et al. [13] and Zhang et al. [122] adopt switch-

ing modules to the semi-VOS field, but they still require the full computation on

the feature extraction and the mask refinement for every frame.

We find two problems about applying dynamic network approaches to the

semi-VOS field. First, the output of gate function is a discrete decision that is

hard to integrate with a convolutional network due to the difficulty of gradient

calculation. Gumbel-Softmax trick [35] is generally used to resolve the problem

by the softmax relaxation, but we empirically get unstable training problem.

The second issue is how to penalize the model. Usually, there is a target rate

for training a dynamic network. The target rate determines the fixed maximum

number of layer blocks that can be used in the computation during training. We

found that this constraint does not work well in this task. Since the target rate

drives a model to concentrate on meeting the desired number of gates being

on, the model tends to treat preserving the original accuracy as a less important

matter, resulting in poor segmentation accuracy.
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(a) (b)

Figure 2.1: Example of image semantic segmentation dataset. (a) Pascal Con-

text. (b) Cityscapes.

2.5 Datasets and Measurements

2.5.1 Image Semantic Segmentation

There are various datasets for semantic segmentation. Pascal Context dataset

[64] is widely used for indoor semantic segmentation. This dataset has an addi-

tional detailed category based on Pascal VOC 2010 datasets images. The most

frequently used 59 categories are selected from more than 400 categories, and

the rest are merged into one category. The number of training and validation

images are 4,998 and 5,105, respectively. Another dataset commonly used is the

Cityscapes dataset for autonomous driving cars. This dataset consists of multi-

ple classes about urban street scenes, and the number of training and validation

images are 2,975 and 500, respectively.

2.5.2 Video Object Segmentation

For Semi-VOS, DAVIS16 and DAVIS17 [77, 76] are widely used. DAVIS16 is

a single object task consisting of 30 training videos and 20 validation videos,
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(a) (b)

Figure 2.2: Example of Semi-supervised video segmentation dataset based on

DAVIS benchmark. (a) Given condition to define target object. (b) Desired re-

sults from the model.

while DAVIS17 is a multiple object task with 60 training videos and 30 valida-

tion videos. YouTube-VOS 2018 [114] is the largest VOSdataset that consists

of 3,471 training videos and 474 validation videos (in total, 4,453 videos). The

validation set is split into seen (65 categories) and unseen (26 categories) to

evaluate the generalization ability

2.5.3 Measurement

In semantic segmentation, the performance was measured using mIOU (mean

intersection over union). This is the mean of each class’s IoU score, and the IoU

is calculated as follows:

mIoU = ΣC
i=c Esti ∩GTi/Esti ∪GTi (2.1)

Here, Est and Gt mean estimation mask and ground truth mask regarding ith

class, respectively. It counts the number of pixels for measuring.

The DAVIS benchmark reports model accuracy by an average of mean Jac-

card index J and mean boundary score F . J index measures overall accuracy by

comparing estimated mask and ground truth mask, and this is the same meaning
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of mIoU. F score focuses more on contour accuracy by delimiting the spatial

extent of the mask. c(M) and c(G) is delimiting the spatial extent of the mask

and ground truth mask, respectively. After then, we only compute precision (Pc)

and recall (Rc) inside of this contour region c(M) and c(G). The F score is pro-

duced as follows:

F = (2PcRc)/(Pc +Rc) (2.2)

We evaluate our model by using the official benchmark code 1.

1https://github.com/davisvideochallenge/davis2017-evaluation
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Chapter 3

Reducing Spatial Redundancy in Decoder via Sam-

pling based on Superpixel

In the past, many models for semantic segmentation combine naive bilinear up-

sampling for recovering original resolution and conditional random fields (CRF)

for making sharp masks. CRF considers the probability distribution of semantic

class and the similarity of color and distance of neighboring pixels. After then,

many researchers propose convolutional neural network (CNN) based structures

to handle upsampling small feature maps by kernel-based method and generat-

ing final masks like pixel-wise classification by a point-wise convolution. How-

ever, those methods can not consider spatial redundancy, which means neighbor-

ing pixels are likely to have a close relationship and share similar information.

Ignorance of this spatial redundancy causes three problems. 1) There is a

huge cost burden in the decoder. The decoder takes additional feature maps

from the encoder. After then, the additional feature maps concatenates with

small feature maps to get detailed information for making an accurate mask. At

this time, the additional feature maps have important and nuisance information
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(a)

(b)

Figure 3.1: (a) Conventional CNN-based structure for semantic segmentation.

Usually, they need upsampling layer and do pixel-wise classification. (b) Our

proposed method. We do not need to upsample and reduce the redundant oper-

ations significantly in both training and testing by superpixel-based sampling.

together. Therefore, the decoder re-filters this inflow of nuisance information

from the encoder and recovers the resolution of the feature map by upsam-

pling. However, the size of the feature map becomes larger and larger, and it

increases lots of computation easily. 2) Last classification causes a spatial re-

dundancy problem. In the pixel-wise semantic classification layer, the model

performs a point-wise convolution for every pixel in the large size of feature

map. Even though neighboring pixels are likely to belong to the same semantic
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class, the pixels are classified independently without considering this relation.

If we group the pixels with a high possibility of belonging to the same class, we

can reduce the inefficient computation instead of repetitive operations. 3) Fi-

nally, pixel-wise prediction makes inefficient training. The basic assumption

of the stochastic gradient descent (SGD) is that the data follows independent

and identically distributed (IID) [5, 33, 45]. However, this assumption is vio-

lated when we calculate a loss across all the pixels. Therefore, the learning be-

comes inefficient and focuses on only certain majority-class such as road, wall,

sky, etc.

In order to mitigate those problems, there are several attempts in the segmen-

tation field. Region-based preprocessing is performed first using an algorithm

such as selective search (SS) [101] or SLIC (simple linear iterative clustering)

[1]. Zoomout [63] makes a new feature map by aggregating features based on

superpixel. A training method using random sampling has also been devised to

meet the SGD assumption in PixelNet [4]. However, none of the above stud-

ies has solved the problems mentioned above completely. Zoomout is not a

sampling-based method but merging features from different layers based on su-

perpixels, therefore it still a problem of upsampling even though less pooling is

performed. Thus, even if less pooling is performed, upsampling and pixel-wise

classification are still needed. PixelNet introduces random sampling methods

for accelerating SGD in the training stage, but it still needs full computation for

inference.

The previous studies still need an upsampling process in the decoder, and

they cannot consider redundant calculations in the decoder for semantic segmen-

tation. This paper proposes a novel semantic segmentation framework without

a decoder based on superpixel-based sampling.
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• The proposed method enhances the efficiency of both training and infer-

ence by superpixel-based sampling for reducing spatial redundancy.

• We accelerate SGD by enhancing randomness to training samples in the

training stage and use only 0.37% of the total pixels to get better accuracy

than other networks in the inference stage.

• We show our method is available to remove upsampling process in the

decoder by assigning the same class to different pixels of the same super-

pixel.

3.1 Relate Work

FCN [86]: FCN builds a fully convolutional network that takes an input of ar-

bitrary size for producing correspondingly-sized output with efficient inference

and learning. This work is the first work for end-to-end training to predict pixel-

wise prediction with the pre-trained network. For the decoder, FCN combines

predictions via bilinear interpolation from the final layer and different the pool-

ing layer for taking finer details while retaining high-level semantic information.

PixelNet [4]: PixelNet points out inefficient training problems in segmenta-

tion from stochastic gradient descent (SGD) SGD assumes that training data are

sampled from independent and identically distributed (IID). However, training

samples in segmentation are not randomly permuted for producing a pixel-wise

prediction, and pixels in a given image are highly correlated and not indepen-

dent. To resolve this problem, PixelNet randomly selects feature samples from

each layer and concatenates features via bilinear interpolation. After then, the

model trains multi-layer perceptron (MLP) from fully random samples. The ran-

dom permutation of the training data significantly improves learnability with a
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Figure 3.2: The overall structure of the proposed method

small number of pixels per image. However, PixelNet just boosts the training

speed. The speed of inference is still the same as the original framework.

Superpixel [1]: A superpixel can be defined as a group of pixels that share com-

mon characteristics. Simple linear iterative clustering (SLIC) is the most popular

algorithm in this field. This algorithm generates superpixels by clustering pix-

els based on their color similarity and proximity in the image plane. In detail,

the total number of features is five by [l, a, b] as pixel color vector in CIELAB

color space and [x, y] coordination as pixel position. K is a hyper-parameter for

initialization. The algorithm regularly generates K cluster centers and assigns

the cluster for each pixel. After then, the model recomputes the cluster center

by pixels in the same cluster. This process is repeated until convergence.
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3.2 Sampling Method Based on Superpixel for Train

and Test

In this section, we explain how to extract samples based on superpixels to re-

solve a redundancy problem in learning and prediction and show the overall

structure of the novel segmentation framework.

We weakly segment the image using SLIC [1] for making superpixels si, i =

1, . . . , Ns. SLIC is a widely used method for making superpixels by applying a

k-means clustering algorithm with the similarity of color and distance of pixels.

After then, we randomly sample the representative pixel pi for each superpixel.

However, the number of superpixels by SLIC differs for each image due to the

K-means clustering algorithm. When the maximum number of superpixels is

N ′s in the total dataset, the number of superpixels is much smaller than N ′s in

some images. This is not a problem in the inference stage, but it causes imple-

mentation trouble for training with mini-batch.

To solve this problem and make the same maximum number of samples for

every image in the training stage, we randomly select (N ′s−Ns) superpixels and

extract two pixels from the chosen superpixels when an image has less number

of superpixel than N ′s. When an image has N ′s superpixel, we randomly ex-

tract only one sample from each superpixel. Therefore, the number of the total

selected pixels becomes the same N ′s for all images.

Then, we extract the hypercolumn feature fi to represent the superpixel si

based on location of pi and also take the segmentation label li at the same lo-

cation with pi. Finally, the hypercolumn feature fi becomes random and shares

less information with each pixel, and we successfully meet the IID assumption

of SGD than before. Using the extracted hypercolumn feature fi, we train the
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Figure 3.3: Constructing hypercolumn feature map based on superpixel sam-

pling from multiple layers’ feature maps

segmentation network in Figure 3.2 with a label li of the superpixel si. For the

segmentation network, Resblock [28] and FCN [86] are adopted.

We assign the same class to all the pixels inside of the superpixel for dense

prediction at test time, and we extract a sample from the center of each super-

pixel. This makes it possible to remove all decoder process in our framework.

The superpixel is generated in original images, and thus we do not need to do up-

sampling for recovering the resolution of the feature map. Also, other works per-

form a pixel-wise independent estimation with point-wise convolution, and they

suffer from extra computation again. Our superpixel-based sampling method re-

duces this complexity a lot because neighbor pixels have a high probability of

sharing the same semantic information.

3.3 Details of Remapping Feature Map

Here, we provide further explain how to make a hypercolumn (pyramid module)

style feature map from multiple layers’ feature map. In the proposed feature

network, we also use the VGGnet [93] until the conv5 stage [4, 58, 2]. Then, the

receptive field is expanded by four parallel pooling layers with pool sizes of 2,
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4, 7, and 14, respectively.

After then, we concatenate the feature maps for each layer in the concept

of the hypercolumn method [26]. To apply the method for our framework, we

track the pooling locations of the target pixel through conv3, conv4, conv5, and

all the four conv6 in the proposed feature extraction network. We calculate the

coordinate by dividing two when the feature map size is reduced. Finally, we

concatenate all the corresponding feature maps of different layers as shown in

Figure 3.3 and generates a combined feature map batch × c × Ns, where c

is the total number of hypercolumns. We note that the normalization step is

required to balance the scale between the layers. l2 normalization is adopted

in our method as mentioned in [56]. After pooling, we used two methods for

the final classification of samples. One is 3 Resblocks, and the other is 2 fully

connected layers.
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(a)

(b)

Figure 3.4: Gradient plot with UCL. Note that the closer to the origin on the x-

axis, the farther away from the input due to the viewpoint of gradient update by

the back-propagation algorithm. The calculation of back-propagation is started

with layers closer to the classification layer. (a) All high γ gradient plot in Res-

block network, (b) Hybrid γ gradient plot in Resblock network and the gradient

become stable than (a).

3.4 Re-adjusting Learning Rates

In our method, the training is not straightforward because the number of the

training sample is drastically decreased (only 0.37% of the sample compared

to the pixel-wise case). There is severe unbalance between before and after the

sampling process. To train the network with a relatively small number of sam-

ples, we increase the learning rate γ for the layers located after the sampling
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process. However, we suffer from a noisy gradient problem when we increase

the learning rate, as shown in Figure 3.4 (a). Therefore, we propose the statis-

tical process control (SPC) method to control the noisy gradient problem by

adjusting learning rates layer-wise. We analyze the gradients from the experi-

ments for all the layers (all high γ), respectively, and suggest a hybrid learning

rates strategy. In detail, some layers γ are set to low values, while other layers γ

are set to be high (hybrid γ). Note that the control of γ by SPC is applied only

to the layers after the sampling.

When the gradient from back-propagation surges, the training becomes un-

stable. To decide current gradient is unstable or not, we introduce the SPC

method for analyzing gradients for each channel. SPC [89] is the most popu-

lar method for understanding whether the current state is stable or not in the

manufacturing system. Here, we take the control chart method and apply it to

the gradient for each channel in the early training stage to determine if there is

a problem with the training.

The control chart consists of upper control limit (UCL) and the lower con-

trol limit (LCL). Both UCL and LCL are set by the mean and the standard

deviation of the data. We only apply UCL because we use the absolute value of

a gradient and calculate the UCL as follow:

gc =

N ′
s∑

i=1

|| ∂E
∂xic
||, µl =

1

Cl

Cl∑
c=1

gc, σl =

√√√√ 1

Cl

Cl∑
c=1

(gc − µl)2, (3.1)

UCLl = µl + λσl (3.2)

Here, UCLl, µl, and σl denote the value of the lth layer’s UCL, the mean and

standard deviation for analysis, and λ is a constant value for margin. N ′s and Cl

indicate the total number of samples and the channel size of the output feature

map from a lth layer. ∂E
∂xic

is a gradient value of the ith sample regarding the cth
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channel, and gc is a summation of the absolute value of the gradient. First, we

calculate the summation of the gradient for every sample regarding the output

feature map of a lth layer for each channel. This is data that we want to analyze.

Second, we calculate the value of mean and standard deviation for the output of

the feature map. Finally, we use 6 for λ for producing the value of UCL for the

lth layer.

The Figure 3.4 shows the plots of the gradient value gc in different layers

after the sampling, and the red line represents the UCL line. The gradient plot

of the Figure 3.4 (a) is the result of all high γ experiments, and each gradi-

ent is unstable due to the high value of the learning rate γ1. Specifically, the

gc sometimes surges beyond the UCL (red line) and fluctuates from the Res3 3

layer. Thus, we reduce the γ for the convolution layers after Res3 3. However,

because reducing the gradients for the higher layer2 (Res3 3) automatically re-

duces the gradients of the lower layera CNN layer is located close to the input

data layer by back propagation, we only control the layer that starts to cross the

red line. For example, we adjust the learning rate for Res3 3 and Res2 3. Figure

3.4 (b) depicts the experiment with hybrid γ, which clearly shows gi becomes

stable than before.
1We set 10 times larger value than the learning rates of layers which are located before the

sampling process
2A CNN layer is located close to the final classification layer.

32



Model mACC mIoU

FCN-8s [86] 50.7 37.8

DeepLab (without CRF) [9] - 37.6

CRF+RNN [126] - 39.3

ParseNet [56] - 40.4

PixelNet [4] 51.5 41.4

E2S2 [7] 49.9 32.5

IFCN [90] 57.7 45

Ours-FC 52.0 39.2

Ours-Resblock 51.9 39.7

Table 3.1: Comparison of our results and other works on Pascal context dataset.

3.5 Experiments

3.5.1 Implementation details

All the experiments are performed using the Caffe library [36], and we use the

Pixelnet [4] pre-trained Caffe model for initializing the feature extraction pro-

cess. For the new layer, we use Xavier [24] initialization and dropout [94]. We

set the momentum as 0.9 and the weight decay 0.0005. The learning rate is

started at 10−6 and decreased to 10−7 after 16 epochs. The superpixel is created

by SLIC[1].

3.5.2 Pascal Context Benchmark Experiments

For training and testing the Pascal Context data, we used provided train/validation

set to train/test the proposed method, and 750 superpixels are used for each im-
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Sampling Use hypercolumn Adjust γ Layer type mACC IoU

Grid x x FC 44.7 33.2

Superpixel x x FC 45.5 34.5

Superpixel O x FC 48.0 35.9

Superpixel O O FC 52.0 39.2

Superpixel O x Resblock 50.8 37.9

Superpixel O O Resblock 51.9 39.7

Table 3.2: Ablation study about our method.

age. Our method proves better or competitive accuracy without decoder stage

by sampling approach. PixelNet, which uses random sampling, is related to

our train method, and the proposed method achieved better mACC but slightly

worse IOU as shown in Table 3.1. However, they use around three times more

samples (2000) than ours, and it is impossible to apply the sampling method for

inference. E2S2 [7] has similar approach in terms of making superpixel, but they

use selective search [101]. Even selective search is a more elaborate and com-

plex method than SLIC; our method achieves much better performance. Figure

3.5 shows several results of our method, and we achieve to produce fine mask

such as legs of horses, details of an airplane, and so on.

We also measure speed with Intel (R) Core (TM) i7-4790D CPU 4.00 GHz

without GPU. We use a 224×224 image for PixelNet due to the huge complexity

of the method, and it takes 30.33 seconds per image. On the other hand, ours

used 3.13 second per image on 448 × 448 input, and the superpixel needs just

0.23 sec per image. When running FCN-8s with CPU, it takes 6.85 second with

the same size.
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Ablation Study: To analyze the efficacy of the proposed method, we conduct

an ablation study about the method for making superpixel, hypercolumn style

feature map, and re-adjusting learning rate γ. And we also compare Resblock

and fully convolution layer (FC) networks. We compare the superpixel method

between the same number of the grid by dividing the image and SLIC. When

we do not use hypercolumn, we apply only one pooling with size 14 × 14 for

making the same maximum size of the receptive field instead of the parallel

pooling into conv5 as shown in Figure 3.2. When we do not re-adjust γ, the

learning rates for every layer are the same.

The accuracy is increased when SLIC is used than naive grid superpixel due

to the better mask quality. Also, using a hypercolumn feature map enhances the

performance by 2.5% (mACC) and 1.4% (IoU), respectively. This means that a

large receptive field is not a sufficient condition of the high performance, and it

is better we get multiple receptive fields to cope with various sizes of objects.

In order to show the effectiveness of adjusting γ, we apply both Resblocks and

FC as mentioned in Table 3.2. We analyze the gradients for both methods as

mention in Section 3.4. We apply a 15 times higher value for FC and a 10 times

higher value for Resblock corresponding layers, which do not have noisy gradi-

ent plots. The results about both networks show better performance without the

re-adjusting scheme.

3.5.3 Analysis of the Number of Superpixel

We conduct cross experiments for analyzing the effect of the number of the

superpixels as shown in Table 3.3. We utilize two different sizes of images and

control the number of superpixels toward train and the test. For ‘Train-750s’

and ‘Train-1600s’, 750 and 1600 are the number of superpixels for train. In the
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Figure 3.5: Prediction example of our method on Pascal context dataset.

Image size:448× 448

Train-750s Train-1600s

Image size:224× 224

Train-225s Train-750s

mACC mIOU mACC mIOU mACC mIOU mACC mIOU

Test-750s 47.0 35.0 48.3 35.6 Test-225s 46.0 32.9 46.6 33.8

Test-1600s 47.1 35.0 48.4 35.7 Test-750s 46.3 33.2 47.3 34.4

Table 3.3: Cross experiment results about the different number of sampling.

same way, 750 and 1600 regarding ‘Test-750s’ and ‘Test-1600s’ are the number

of superpixels for test. As shown in Table 3.3, the number of superpixels for the

train is a more critical factor than the test for better performance. Specifically,

the results of the 448× 448 image show almost the same accuracy for the same

superpixels in the training stage. Therefore, we can reduce more computation in

the test stage by using a small number of samples.

We evaluate the performances using a various number of superpixels for the

Pascal Context dataset on 448× 448 images. We use the same model, which is

trained with 750s superpixels for all experiments. The accuracy between each

model is comparable. When the number of superpixels is increased, the accuracy

is also improved slightly. However, the latency time is totally different from the

number of the superpixel. In detail, when the number of superpixels is 250, the
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mACC mIoU time(sec)

SP(250) 51.33 38.51 2.4

SP(750) 52.01 39.25 3.1

SP(1600) 52.16 39.42 4.4

Table 3.4: Performance comparison results depending on the different number

of superpixels with fully connected layer types. The latency time is measured in

the CPU environment.

latency time is 2.4sec. When the number of superpixels is 1600, the latency time

is increased around 2 times from 2.4sec to 4.4sec.

3.5.4 SUN-RGBD Benchmark Experiments

Here, we use FC layers after sampling and apply a 20 times higher value for the

learning rate. The method of PiecewiseCRFs [52] has the highest performance,

but it uses a very complex model than others. They calculate potential function

value by convolution neural network (CNN) and apply mean-field approxima-

tion for semantic segmentation. In addition, they use bilinear upsampling and

conditional random fields (CRF) for upsampling and refining the mask’s more

sharp boundaries. IFCN [90] also takes VGGNet [93] for feature extraction like

FCN, but utilize more complex method than FCN for improving their accuracy.

However, the pixel Acc. of our method and IFCN are not significantly different.

Our method is better than SegNet [3], FCN [86] and DeconvNet [67], which

applying complex methods for upsampling. Also, our method achieves a better

performance than DeepLab [9] which employing the atrous algorithm for a large

receptive field.
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Model Pixel Acc. Mean Acc. mIOU

DeconvNet 66.13 33.28 22.57

FCN 68.18 38.41 27.39

DeepLab [9] 71.9 42.21 32.08

SegNet [3] 72.63 44.76 31.84

IFCN [90] 76.9 53.46 40.74

PiecewiseCRF [52] 78.4 53.4 42.3

Ours 75.66 50.05 37.86

Table 3.5: SUN-RGBD result. DeepLab, FCN, and DeconvNet results are

copied from [3].

Figure 3.6: Example of our method on SUN-RGBD dataset.
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Chapter 4

Beyond Dilated Convolution for Better Lightweight

Encoder

Deep network-based semantic segmentation algorithms improve the performance

significantly but still suffer from heavy computation. It is basically because

the segmentation task is involved in pixel-wise classification. To resolve this

problem, lightweight segmentation models have been actively studied recently.

The recent segmentation studies empirically prove that dilated convolution is

an essential technique for achieving high accuracy by expanding the receptive

field without increasing the number of parameters. Using the dilated convolu-

tion, many researchers have made efforts to increase the speed [81, 74, 78, 92].

Among them, ESPNet [61] works fast by adopting a well-designed series of

spatial pyramid blocks with dilated convolutions.

To further reduction, the number of parameters and the amount of calcu-

lation in the dilated convolution, combining depth-wise separable convolutions

with dilated convolutions is one of the popular methods [16, 30]. However, this

combination commonly degrades performance as shown in Figure 4.1. Figure

39



Figure 4.1: Illustration of performance degradation from depth-wise separable

dilated convolution (ds-Dilate). (a) Input image (b) Ground truth mask (c): Re-

sult of original ESPnet [61], (d) Result of ds-Dilate ESPnet model.

4.1 (c) and (d) are the results of ESPNet based networks with the same encoder-

decoder structure. 4.1 (c) uses stand dilated convolution-based network, but 4.1

(d) uses depth-wise separable dilated convolution-based network. Figure 4.1 (d)

shows a severe grid effect and reduces lots of accuracies.

In this chapter, we analyze the reason for performance degradation from a

simple combination between depth-wise separable convolution and dilated con-

volution. Also, we point out increased latency time problems by dilation rates

and multi-branch structures from our empirical experiments with mobile de-

vices. To resolve problems, we propose a new lightweight convolutional block

that can substitute arbitrary segmentation networks that use the dilated convo-

lution for reducing complexity with comparable performance. To achieve this

goal, we devise two strategies 1) concentration skipped information 2) squeez-

ing information.

• Concentrated - comprehensive convolution block (C3 block) points out

missing local information from dilation rates.
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• We propose a concentrated stage with simple computation before con-

ducting depth-wise separable dilated convolution and prove that C3 is

available to compensate for the missing information without requiring

enormous complexity.

• We also propose a Spatial squeeze block (S2-block) for a better efficient

convolutional block with average pooling.

• We squeeze the spatial resolution from each feature map to mitigating

slow latency time due to dilation rates and multi-branch structure.

4.1 Relate Work

ESPNet [61]: ESPNet is a fast and efficient convolutional neural network by

22 times faster (on a standard GPU) and 180 times smaller than the state-of-the-

art semantic segmentation network PSPNet [125] with comparable accuracy. It

proposes an ESP module, which has a parallel structure of spatial pyramid with

N dilated convolutions. Each dilated convolution has a different size dilatation

rate 2i−1, i = 1, · · · , N . First, the ESP module reduces the number of channels

in the input feature map by 1/N and then applies each dilated convolution to

the reduced input feature map. After then, the module conducts hierarchically

element-wise summation among outputs of dilated convolutions. Finally, each

hierarchical summation feature map is concatenated to make the N size of the

channel. A skip-connection between input and output is added to improve the

information flow.

ESPNetv2 [62]: ESPNet V2 uses group point-wise convolution and depth-wise

dilated separable convolutions to learn representations from a large effective re-

ceptive field with fewer FLOPs and parameters. Also, the performance of the
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network is evaluated on four different tasks (classification, semantic segmenta-

tion, object detection, and language modeling).

ShuffleNet V2 [59]: ShffuleNet V2 points out that indirect computation com-

plexity metrics such as FLOPs can not guarantee model speed in real devices.

They describe the reason is that the model speed depends on other factors such

as memory access cost and platform characteristics. Thus, they propose to evalu-

ate the direct metric on different platforms to find efficient network design. They

control the number of channel size, block size, group size for convolution lay-

ers under similar FLOPs and deduces real bottlenecks for fast inference. From

abundant empirical studies, they propose a guideline for efficient network archi-

tecture. 1) Model uses ”balanced“ convolutions (equal channel width) in each

block. 2) When the group size is increased, the actual model speed becomes

slow. Although group convolution reduces the number of FLOPs, the model is

aware of the cost of using group convolution. 3) The degree of fragmentation

(multiple branches) makes slow speed. 4) it is better to reduce element-wise

operations. The above schemes are changed depending on the platform (such

as memory manipulation and code optimization). The guideline is taken into

account for practical network design beyond theoretical FLOPs.

4.2 Rethinking about Property of Dilated Convolutions

Dilated convolution is an effective variant of the traditional convolution oper-

ator for semantic segmentation in that it creates a large receptive field without

decreasing the resolution of the feature map. For further reducing computation,

applying a depth-wise separable convolution (ds-Conv) to a dilated convolution

is the key idea. LetCi, Co, Hi,Wi,M , andN respectively denote the number of
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(a) Missing local information

(b) Impact of sparse computation

Figure 4.2: Two negative cases from dilated convolution. (a) In two consecutive

layers of dilated convolution, features in white are not used for computing the

output feature in the center, marked in red. (b) The pixels in the green boxes

influence the segmentation result of the area in the yellow box.

input & output channels, the height & width of the feature map, and the height

& width of the kernel. A dilated convolutional layer operates on an input fea-

ture map F ∈ RCi×Hi×Wi using a convolutional kernel K ∈ RCi×Co×M×N

with a dilation rate d. Using the kernel K, we compute the output feature map

O ∈ RCo×Ho×Wo with a dilation rate d as in Equation 4.1.

Oc′,h,w =
∑
c

∑
m

∑
n

Fc,h+dm,w+dnKc′,c,m,n. (4.1)

When d = 1, it is standard convolution. Then, we can apply the depth-wise

convolution to the dilated convolution as in Equation 4.2.

F ′c,h,w =
∑
m

∑
n

Fc,h+dm,w+dnK
d
c,m,n, Oc′,h,w =

∑
c

F ′c,h,wK
p
c′,c. (4.2)

Note that the process does not calculate cross-channel multiplication but takes

only spatial multiplication. Hence, the kernel Kd is for the depth-wise dilated
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convolution in the spatial dimension, and Kp denotes a kernel for a 1× 1 point-

wise convolution. Then, the parameter size is reduced from k2CiCo to Ci(k2 +

Co) when the kernel size is k, i.e., M = N = k. The number of floating point

operations (FLOPs) is also largely reduced from 2k2CiCo to 2Ci(k
2 + Co).

However, we observe that this approximation leads to significant perfor-

mance degradation compared to the case of using the original dilated convolu-

tion. We also note that the dilated convolution has inherent risks as shown in

Figure 4.2. First, local information can be missing. Since the dilated convolu-

tional operation is spatially discrete according to the dilation rate, information

loss is inevitable. Also, Wang et al. [107] analyzes that the cause of the gridding

effect, wrong checker-board patterns, is missing local information. Second, a di-

lated convolution skips the neighboring feature information, and thus a remote

area across large distances affects the result of segmentation. This includes an

area far away from the target area in calculating the convolution, which leads to

wrong segmentation in the small and narrow parts. This is similar as mention

in Chen et al. [11]. They argue that the number of valid weight of kernel be-

comes smaller in proportion to dilated ratio. We conjecture that only one or two

weights are trained validly when the convolution block has a large dilation rate.

Therefore, the kernel only gets information far from the target pixel, and thus

the output of the kernel is highly dependent on long-distance information. For

example, the yellow target box in the center of the kernel region is misclassified

due to the green boxes, as shown in Figure 4.2 (b). Also, unlike standard convo-

lution, a ds-Conv is independent across channels [30, 16], and hence spatial in-

formation of other channels is not directly flowed [30]. This means that ds-Conv

uses the feature map sparse than standard convolution. From the observation in

Figure 4.1 (d), we conjecture that the loss of cross-channel information triggers
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(a) Structure of our proposed method

Figure 4.3: Structure of idea of Concentrated-Comprehensive Convolutions

(C3) block.

the mentioned risks of dilated convolution and degrades the performance.

4.3 Concentrated-Comprehensive Convolution

We propose a concentrated-comprehensive convolution (C3) to prevent segmen-

tation performance degradation based on the observations mentioned in the pre-

vious section. C3 block consists of a concentration stage and a comprehensive

convolution stage. The concentration stage aggregates local feature information

by using a simple convolutional kernel. The comprehensive convolution stage

uses a dilation rate to get a large receptive field for global consistency. And then,

the point-wise convolution is followed for mixing the channel information.

As in Figure 4.2 (a), feature information of white pixels in the region of

(2d− 1)× (2d− 1) will be lost when executing dilated convolution with a di-

lation rate d. Also, the approximated operation led to the loss of information as

mention in Section 4.2. The concentration stage alleviates this loss of feature in-

formation by executing simple depth-wise convolution with (2d−1)× (2d−1)

kernel size before dilated convolution. This compresses the skipped feature in-

formation and improves local consistency as shown in Figure 4.4. We note that
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Figure 4.4: Detail structure of Concentrated-Comprehensive Convolutions (C3)

block with regular depth-wise convolution as Naive C3 and final version of C3

by factorized concentration stage (C3)

as the dilation rate increases, the computation of depth-wise convolution in the

concentration stage becomes extremely large. Sometimes, the dilation rate is up

to 16 in a model, so it becomes intractable in an embedded system. Specifically,

when we use regular depth-wise convolutions to a feature map with Ci chan-

nels, the number of parameters is (2d − 1)2Ci. When the size of the output of

the feature map is Ho×Wo, the number of FLOPs becomes (2d−1)2HoWoCi.

However, the convolution kernel K is separable. We exploit this advantage to

decompose the convolution asK = Krow ∗Kcol. For anN×N kernel, this sep-

arable convolution reduces the computational complexity per pixel fromO(N2)

to 2O(N) We solve the complexity problem by using two depth-wise asymmet-

ric convolutions instead of a regular depth-wise convolution as shown in Figure

4.4. Also, we insert a non-linearity (PReLU and Batch normalization) between

the asymmetric filters.

The Comprehensive convolution stage uses depth-wise dilated convolution
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to widen a receptive field for global consistency. After that, we execute the

cross-channel operation with a 1 × 1 point-wise convolution. Since the second

stage C3 is a kind of ds-Conv as shown in Figure 4.4, a small amount num-

ber of additional parameters and calculation are required. At the same time, C3

block also makes a wide receptive field for segmentation from the comprehen-

sive convolution stage. In summary, the C3 block combines both advantages of

the depth-wise separable convolution and the dilated convolution by integrat-

ing local and global information properly. Therefore, although the segmenta-

tion network based on C3 block has fewer parameters and less computational

complexity than the original network, the proposed block can achieve excellent

segmentation performance.

4.4 Experiments of C3

We evaluated the proposed method and performed an ablation study on CityScapes

and PASCAL VOC, which are widely used in semantic segmentation. All the

performances were measured using mean intersection over union (mIOU), the

number of parameters, and FLOPs.

4.4.1 Ablation Study on C3 based on ESPNet

Implementation details: We show ablation results of the proposed C3 block

based on ESPNet [61] with the Cityscapes dataset[17]. The Encoder of ESP-

Net comprise multiple ESP modules. The ESP module is a five parallel branch

of dilated convolution with different dilation rates (d = {1, 2, 4, 8, 16}). They

use standard convolution, which is dilate rate = 1, in every ESP module,

and hierarchical feature fusion (HFF) for preventing grid effect. We replace the
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Exp # Dilate ds-Dilate naı̈ve C3 C3 HFF D-rate (d) Param(M) FLOPs(G) mIoU

1 O - - - O 1,2,4,8,16 0.364 4.84 60.74

2 - O - - O 1,2,4,8,16 0.128 2.47 57.81

3 - O - - - 2, 4, 8, 16 0.152 2.72 54.24

4 - O + L - - - 2, 4, 8, 16 0.187 3.13 55.22

5 - O + C - - - 2, 4, 8, 16 0.181 3.21 55.52

6 - - O - - 2, 4, 8, 16 0.580 7.84 58.56

7 - - - O - 2, 4, 8, 16 0.198 3.23 60.98

Table 4.1: Dilate and ds-Dilate mean using dilated convolution and depth-

wise separable dilated convolution for base block. naı̈ve C3 and C3 are our

Concentrated-Comprehensive Convolution (C3) as described in Section 4.3.

+L(C) is increased the number of layers (channel) in the encoder structure for

similar parameters and FLOPs with experiment 7. HFF is a hierarchical feature

fusion method for preventing grid effect. All results are reproduced in the Py-

Torch framework under the same data augmentation and setting. The input size

is 1024× 512 for calculating FLOPs. All mIOU results are from the Cityscapes

server with the test set.

dilated convolution in the ESP module with depth-wise separable dilated con-

volutions (ds-Dilate), naı̈ve C3 or C3 for ablation study. To train the model with

the dataset, we follow the standard data augmentation strategy [17] including

random scaling, cropping, and flipping. The learning rate is set to 1e−3 and

multiplied by 0.5 at every 150 and 200 epochs (total 300 epochs). Adam opti-

mizer [42] with a momentum of 0.9 and the weight decay of 2e−4 is used for

the whole training.

Experimental Result: Experiment (1) is original ESPNet result from our im-

plementation with dilation rate d = {1, 2, 4, 8, 16}. Experiment (2) uses the
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same network structure as the original ESPNet, but the standard dilated convo-

lutions are substituted to ds-Dilate. Experiments (3)-(7) are ablation studies of

the proposed method C3 with modified ESPNet. We remove d = 1 and HFF

from the original ESPNet structure to prove that the proposed method can mit-

igate a grid effect problem and performance degradation. Experiment (3) used

simple ds-Dilate in the model. Experiment (4) is a result of increased layers in

the encoder structure from (3), and Experiment (5) is a result of increased chan-

nel size from the encoder structure of (3). Both (4) and (5) are designed for a fair

comparison with the proposed method (Experiment (7)) under a similar param-

eter and flop size. Experiments (6) and (7) are designed to compare regular and

factorized concentration stages with the modified ESPNet. The concentration

stage consists of regular depth-wise convolution (dw-Conv) in (6) as described

in Figure 4.4 (a). Experiment (7) is our proposed factorized C3 block in Figure

4.4 (b) for the better efficient convolutional block.

As shown in Table 4.1 (2)-(5), naive usage of the depth-wise separable ar-

chitecture brought significant degradation of the performance (about 3 ∼ 5%),

and even the HFF module could not fully resolve the performance degradation.

Even the number of channels and layers (Experiment 4 and 5) is increased,

the performance is similar to Experiment (3). This clearly shows that ds-Dilate

can not solve performance degradation. From the experiments (3)-(5), we can

conclude that the concentration stage is critical for resolving the accuracy drop

from ds-Dilate, regardless of the number of parameters compared with (6) and

(7). However, the number of parameters is quite large in (6). In Experiment (7),

we show that the proposed model drastically reduce the number of parameters

and FLOPs and could achieve better performance than that of Experiment (6),

as well. From experiment (7), we can conclude that asymmetric convolution can
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(a) Input (b) Exp 1 (c) Exp 4 (d) Exp 6 (e) Exp 7

Figure 4.5: The visualization of heatmap from ablation study result as follows:

Table 4.1. Row 1 & 2 are results of person class, and row 3 & 4 are results from

bus class. From (c) to (d) and (e), the less activated part is enhanced. This is

cropped result from Figure 4.6.

enhance performance.

Figure 4.5 is a visualized heatmap of person and bus class by Grad-CAM

[84]. We crop the important part from original images, and the Figure 4.6 shows

full-resolution results. The visualized heatmaps of the model based on ds-Dilate

are not activated enough, and the activated pattern looks like a checkerboard.

Conversely, by proceeding concentration stage, we observe that our method re-

duces the grid effect (see (c)-(e)). The result (d) and (e) of the proposed method

shows a similar result with ESPNet, which uses standard dilated convolution.

Also, the factorized method (e) proves the same capacity as the regular dw-Conv

method (d).
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4.4.2 Evaluation on Cityscapes with Other Models

Implementation details: We follow the settings in the respective original pa-

pers [81, 120, 74, 61]. Table 4.2 shows the evaluation results of the baseline

segmentation networks by replacing the dilated convolutional block of the mod-

els with the proposed C3 block. MESP denotes modified ESPNet by removing

HFF and standard convolution block in every ESP module. C3-MESP1 and C3-

MESP2 use ESPNet as a baseline network with different dilation rate settings.

We use d = {2, 4, 8, 16} for C3-MESP1 and {2, 3, 7, 13} for C3-MESP2, re-

spectively. C3-ESPNet uses all the same settings, including HFF and convolu-

tion of dilation rate d = 1.

Experimental Result: To prove the broader applicability of our C3 block, we

conduct further experiments with the other segmentation models: Enet, ERFnet,

DRN-A50, DRN-C26, which are based on dilated convolution. For every model,

our method achieved comparable or higher performance with the reduced num-

ber of parameters and FLOPs. Notably, C3-ENet achieved around 2% perfor-

mance enhancement with 26% reduced flops, and C3-ERFnet showed more than

1% performance enhancement with 30% reduced parameters. C3-DRN-A50 re-

duced the number of parameters and FLOPs by about 31% from the baseline

DRN-A50, with a slight performance drop (0.18%). In C3-DRN-C26 case, the

number of parameters and FLOPs are reduced by more than 60% from DRN-

C26, but the performance drop is only 0.4%. The results show that C3-MESP2

outperforms C3-MESP1 about 1% with fewer parameters. This supports the

proposition of the previous work [107] that the dilation rates should be coprime

for alleviating the grid effect problem in the heatmap. ESPNet-tiny model is our

implementation results by reducing the number of channels from the original
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Method Extra Dataset Param (M) FLOPs (G) mIOU

DRN-A50 [120] ImageNet 23.6 200.1 67.3

DRN-C26 [120] ImageNet 20.6 177.6 68.0

C3-DRN-A50 ImageNet 16.8 144.6 67.1

C3-DRN-C26 ImageNet 7.34 68.7 67.6

ENet [74] - 0.364 4.26 58.3

C3-ENet - 0.303 3.15 60.4

ERFNet [81] - 2.10 26.7 68.0

C3-ERFNet - 1.45 21.7 69.0

ESPNet [61] - 0.364 4.84 60.3

ESPNet-tiny [61] - 0.202 3.24 56.3

C3-MESP1 (d=2, 4, 8, 16) - 0.198 3.23 60.9

C3-MESP2 (d=2, 3, 7, 13) - 0.192 3.15 62.0

C3-ESPNet - 0.210 3.38 61.1

Table 4.2: We refer to the performance of the existing approaches reported in

their original papers on the Cityscapes test benchmark. The flop was calculated

on 1024 × 512 resolution. MESP denotes modified ESPNet by removing HFF

and standard convolution block in every ESP module.

ESPNet structure for making a similar number of parameters to the proposed

C3-MESP1 and C3-MESP2 for a fair comparison. The results show that both

C3-MESP1 and C3-MESP2 outperform ESPNet-tiny with significant margins,

4.6% for C3-MESP1 and 5.7% for C3-MESP2. This empirically proves that the

proposed method is more effective than the previous dilated convolution with

less computation and better performance.
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Method Extra Dataset Param (M) FLOPs (G) mIOU

Deeplab V3 [11] ImageNet 58.04 67.24 77.23

C3-Deeblab V3 ImageNet 45.83 57.79 77.77

ERFNet [81] - 2.10 13.37 55.03

C3-ERFNet - 1.45 10.85 57.74

Table 4.3: Evaluation on PASCAL VOC with other segmentation models. The

Flops was calculated on 512× 512 resolution. The mIOU results are from VOC

server with the validation set for C3-Deeplab and the test set for experiments

based on ERFNet.

4.4.3 Evaluation on PASCAL VOC with Other Models

Implementation details: We perform further experiments using Deeplab V3

and ERFnet on PASCAL VOC. PASCAL VOC dataset [21] has 20 types of

foreground object classes and one background class. We employ common aug-

mented data version [25] following DeepLab V3 [11], which contains 10,582

(train), 1,449(val), and 1,456 (test) samples. We substitute dilated convolutions

to C3 blocks in only the ASPP module and used the same structure for C3-

ERFnet on Table 4.2. We follow the original training method of each paper for

the experiments.

Experimental Results: As shown in Table 4.3, we obtain comparable or better

results from the original method. In C3-Deeblab V3 case, the number of param-

eters is reduced by more than 20% from Deeblab V3, but the performance is

improved slightly by 0.5%. The accuracy of ERFNet is significant improved by

2.7% with less computation. Therefore, the C3 block demonstrates the effec-

tiveness of the proposed method in the PASCAL VOC dataset, as well.
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Dilation rate rate=2 rate=6 rate=12 rate=18

Latency (ms) 6.7 6.63 11.84 12.03

Table 4.4: Latency time of depth-wise separable dilated convolution with differ-

ent dilation rates on an iPhone XS. The input size is 128× 120× 120.

4.5 Rethinking about Speed of Dilated Convolutions and

Multi-branches Structures

Section 4.2 points out the weakness of dilated convolution, and we propose

C3 to resolve the problem. Another practical issue is that the latency time is

affected by the dilation rate, as shown in Table 4.4. As mentioned before, the

Flop of dilated convolution is 2k2CiCo, where k, Ci, Co are kernel size, input

channel size, and output channel size, respectively. Therefore, the latency time

has not been affected by dilated ratio theoretically. However, we discover that

the latency time becomes different up to 2 times according to the dilation rate in

mobile devices as shown in Table 4.4.

Also, there is another latency problem in common encoder structures. Many

segmentation encoders also adopt a multi-path strategy for taking advantage of

high accuracy with fewer parameters [106, 96, 96, 112]. This strategy is ef-

fective in handling various sizes of objects and semantic meaning. However,

it suffers from increased latency proportional to the number of sub-paths [59].

When we design a multi-path structure, it increases the number of feature maps

and read of memories for being involved in the computation of each block. Prac-

tically, the multi-path structure is not friendly to GPU parallel computing, and

this is also one of the main reasons for degrading the model speed.

55



(a) Spatial Squeeze Block (S2-block).

(b) Spatial Squeeze Module (S2-module).

Figure 4.7: Detail structure of spatial squeeze (S2) block and module. (a) An

input feature map is squeezed by anN×N average pooling before a depth-wise

convolution. Then, a bilinear upsampling recovers the original input resolution

of the feature maps. (b) The S2-module has multi-receptive structures using

different combinations of convolution kernels and pooling for the S2-block.

4.6 Spatial Squeeze Block

This section explains a new convolutional block that does not use dilated convo-

lution and proposes a novel encoder structure. We utilize average pooling to take

multiple receptive fields and resolve model speed problems from a multi-path

structure simultaneously. For doing this, we propose a spatial squeeze block

(S2-block) that consists of average pooling and bilinear upsampling. Here, the

average pooling squeezes the resolution of each feature map to avoid the sac-

rifice of the latency time as shown in Figure 4.7 (a). The S2-block squeezes

the resolution of a feature map by an average pooling, with kernel size up to
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Figure 4.8: Overall Structure of SINet for lightweight segmentation.

8. Then, a depth-wise separable convolution with the kernel size 3 or 5 is used.

Between the depth-wise convolution and the point-wise convolution, we use a

PRelu non-linear activation function. Empirically, placing the point-wise con-

volution before or after the bilinear upsampling does not critically affect the

accuracy. Therefore, we put it before the bilinear upsampling to further reduce

computation. We also insert a batch normalization layer after the depth-wise

convolution and the bilinear upsampling.

From S2-block, we devise a spatial squeeze module (S2-module) for our

encoder as shown in Figure 4.7 (b). The S2-module also follows a kind of split-

transform-merge scheme like [61, 62, 72] for covering multi-receptive fields

with two S2-block. First, we use a point-wise convolution to reduce the number

of feature maps by half. For further reduction of computation, we use a group

point-wise convolution with channel shuffle. Second, the reduced feature maps

pass through each S2-block, and the results are merged through concatenation.

We also adopt a residual connection between the input feature map and the

merged feature map. Finally, PRelu is utilized for non-linearity.
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Input Operation Output

1 3× 224× 224 CBR 12× 112× 112 Down sampling

2 12× 112× 112 ds-Conv+SE 16× 56× 56 Down sampling

3 16× 56× 56 S2-module 48× 56× 56 [k=3, p=1], [k=5, p=1]

4 48× 56× 56 S2-module 48× 56× 56 [k=3, p=1], [k=3, p=1]

5 64× 56× 56 ds-Conv+SE 48× 28× 28 Concat [2, 4], Down sampling

6 48× 28× 28 S2-module 96× 28× 28 [k=3, p=1], [k=5, p=1]

7 96× 28× 28 S2-module 96× 28× 28 [k=3, p=1], [k=3, p=1]

8 96× 28× 28 S2-module 96× 28× 28 [k=5, p=1], [k=3, p=2]

9 96× 28× 28 S2-module 96× 28× 28 [k=5, p=2], [k=3, p=4]

10 96× 28× 28 S2-module 96× 28× 28 [k=3, p=1], [k=3, p=1]

11 96× 28× 28 S2-module 96× 28× 28 [k=5, p=1], [k=5, p=1]

12 96× 28× 28 S2-module 96× 28× 28 [k=3, p=2], [k=3, p=4]

13 96× 28× 28 S2-module 96× 28× 28 [k=3, p=1], [k=5, p=2]

14 144× 28× 28 1x1 conv #class× 28× 28 Concat [5, 13]

Table 4.5: Detailed settings for the SINet encoder. k denotes the kernel size of

the depthwise convolution, and p represents the kernel size of average pooling

the S2-block.

4.6.1 Overall Structure

In this section, we explain the structure of the proposed SINet, which consists of

an S2-module for an encoder and an information blocking module for a decoder

as shown in Figure 4.8. We select depth-wise separable convolution (ds-conv)

with stride 2 and Squeeze-and-Excite blocks to reduce feature maps’ resolution.

In the S2-module, we use stride 1 for every ds-conv for producing the same

output size. The detailed setting of the S2-module is described in Table 4.5

and Table 4.6. The information blocking decoder is designed to only take the

necessary information from the high-resolution feature maps by utilizing the
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confidence score of the low-resolution feature maps. For measuring confidence

score, we take maximum probability from each pixel after applying the softmax

function as follows:

C = Max(f(X)) (4.3)

Here, f is a softmax function for calculating the probability of each semantic

category, and X is a feature map with the number of classes as channel size.

When some pixel’s class is decided with high confidence, the model suppresses

the inflow of information from the encoder feature map. If not, the model com-

bines two information flows and re-estimates the pixel’s class.
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Input Operation Output

1 3× 1024× 2048 CBR 16× 512× 1024 Down sampling

2 16× 512× 1024 ds-Conv + SE #class× 256× 512 Down sampling

3 #cls× 256× 512 ds-Conv + SE 24× 128× 256 Down sampling

4 24× 128× 256 S2-module 60× 128× 256 [k=3, p=1], [k=5, p=1]

5 60× 128× 256 S2-module 60× 128× 256 [k=3, p=0], [k=3, p=1]

6 60× 128× 256 S2-module 60× 128× 256 [k=3, p=0], [k=3, p=1]

7 84× 128× 256 ds-Conv + SE 60× 64× 128 Concat [3, 6] , Down sampling

8 60× 64× 128 S2-module 84× 64× 128 [k=3, p=1], [k=5, p=1]

9 84× 64× 128 S2-module 84× 64× 128 [k=3, p=0], [k=3, p=1]

10 84× 64× 128 S2-module 84× 64× 128 [k=5, p=1], [k=5, p=4]

11 84× 64× 128 S2-module 84× 64× 128 [k=3, p=2], [k=5, p=8]

12 84× 64× 128 S2-module 108× 64× 128 [k=3, p=1], [k=5, p=1]

13 108× 64× 128 S2-module 108× 64× 128 [k=3, p=1], [k=5, p=1]

14 108× 64× 128 S2-module 108× 64× 128 [k=3, p=0], [k=3, p=1]

15 108× 64× 128 S2-module 108× 64× 128 [k=5, p=1], [k=5, p=8]

16 108× 64× 128 S2-module 108× 64× 128 [k=3, p=2], [k=5, p=4]

17 108× 64× 128 S2-module 108× 64× 128 [k=3, p=0], [k=5, p=2]

18 168× 64× 128 1x1 conv #class× 64× 128 Concat [7, 17]

Table 4.6: Detailed settings for the SINet-Large encoder. k denotes the kernel

size of the depth-wise convolution, and p represents the kernel size of average

pooling the S2-block.

We found that a weighted auxiliary loss for the boundary part helps improve

the accuracy. The final loss is as follows:

B = (f ⊕ y∗)− (f 	 y∗)

Loss = CEi∈P(y∗i , ŷ) + λCEj∈B(y∗j , ŷj).

(4.4)

Here, f is a 15 × 15 filter used for the morphological dilation (⊕) and erosion

(	) operations. P denotes all the ground truth pixels, and B indicates the pixels
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Method Param (M) FPS FLOPs (G) F1 mIOU mIOU [123]

Enet [74] 0.355 8.06 0.346 0.917 95.16 96.00

BiSeNet [118] 0.124 2.99 2.31 0.908 94.91 95.25

PortraitNet [123] 2.08 3.30 0.325 0.919 95.99 96.62

ESPNet [61] 0.345 6.99 0.328 0.883 94.65 -

DS-ESPNet 0.143 7.75 0.199 0.866 94.10 -

DS-ESPNet(0.5) 0.064 9.26 0.139 0.859 93.58 -

ESPNetV2(2.0) [62] 0.778 3.65 0.231 0.872 94.71 -

ESPNetV2(1.5) [62] 0.458 4.95 0.137 0.861 94.00 -

ContextNet12 [78] 0.838 1.55 1.87 0.896 95.71 -

MobileNetV3 [29] 0.458 10.87 0.066 0.854 94.19 -

SINet(Ours) 0.087 12.35 0.064 0.884 94.81 -

Table 4.7: EG1800 validation results for the proposed SINet and other segmen-

tation models. DS denotes depth-wise separable convolution. We measure FPS

on an Intel Core I5-7200 CPU environment with input size 224 × 224. The

results in the last column are from the PortraitNet [123].

in the boundary area as defined by the morphology operation. y∗ is a binary

ground truth value and ŷ is a predicted label from a segmentation model. λ is a

hyperparameter that controls the balance between the loss terms.

4.7 Experiments of S2

Implementation details: We evaluate the proposed method on the public dataset

EG1800 [88], which is collected from Flickr with manually annotated labels.

The dataset has a total of 1, 800 images and is divided into 1, 500 train and 300

validation images. However, we can access only 1, 309 images for the train set
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and 270 for the validation set due to some broken URLs.

We train our model using an ADAM optimizer with an initial learning rate

to 7.5e−3 and weight decay to 2e−4 for a total of 600 epochs. We follow the

data augmentation method in [123] with 224× 224 images. We use a two-stage

training method; for the first 300 epochs, we only train the encoder network

with the batch size set to 36. After then, we train the overall SINet model for

an additional 300 epochs with the best parameters of the encoder structure from

the previous step. Here, the detailed setting of average pooling size is described

in Table 4.5. At this time, we set the batch size to 24. We compare the proposed

model to PortraitNet [123], which has SOTA accuracy in the portrait segmen-

tation field. Since the EG1800 dataset partially disappears, we re-trained the

PortraitNet following the original method in paper and using the official code

on the remaining samples in the EG1800 dataset. Also, PortraitNet compares its

work to BiseNet and Enet. Therefore, we re-trained BiSeNet and ENet follow-

ing the method of PortraitNet for a fair comparison. For other work ( MobileNet,

ESPNet, and so on), we follow the original paper’s official code training method.

We evaluate our model followed by various ablations using mean intersec-

tion over union (mIoU) and F1-score in the boundary part and compared with

other segmentation models. We use morphology operations with kernel size

15× 15 for defining the boundary region. We subtract the eroded ground truths

from the dilated ground truths. We measured latency time on an Intel Core i5-

7200U CPU environment with the PyTorch framework on an LG gram laptop.

4.7.1 Evaluation Results on the EG1800 Dataset

As shown in Table 4.7, the re-trained models’ accuracy is slightly decreased

due to the reduced size of the training dataset. Among the compared methods,
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DS-ESPNet has the same structure as ESPNet, with only changing the standard

dilated convolutions of the model into depth-wise separable dilated convolu-

tions. For ESPNetV2 (2.0) and ESPNetV2 (1.5), we changed the number of

channels of the convolutional layers to reduce the model size as following of-

ficial code. We also reduce the number of channels for the convolutions in the

DS-ESPNet (0.5) by half from the original model to make it less than 0.1M pa-

rameters and 0.2G FLOPs. The original ContextNet used 4 pyramid poolings,

but we used only 3 due to the small feature map size.

From Table 4.7, we see that our proposed method achieves comparable or

better performance than the other models while having fewer parameters and

FLOPs and higher FPS. The SOTA PortraitNet shows the highest accuracy in

all the experimental results and has achieved even better performance than the

heavier BiSeNet. However, PortraitNet requires a large number of parameters,

which is a disadvantage for using it on smaller devices. The proposed SINet

has reduced the number of parameters by 95% and FLOPs by 80% compared to

PortraitNet while maintaining accuracy. ESPNet and ESPNet V2 have similar

accuracy but show a trade-off between the number of parameters and FLOPs.

ESPNet V2 has more parameters than ESPNet, but ESPNet needs more FLOPs

than ESPNet V2. Enet shows better performance than both models but requires

more FLOPs. In our comparison, the proposed method has a less number of pa-

rameters and FLOPs but still achieves better accuracy than ESPNet and ESPNet

V2. In particular, our SINet has the highest accuracy in an extremely lightweight

environment.
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Convolution Pooling mIOU f1-score

3 1 93.40 0.874

3 2 93.34 0.851

3 4 90.34 0.796

5 1 94.56 0.881

5 2 93.11 0.857

5 4 90.04 0.799

SINet (Ours) 94.81 0.884

Table 4.8: Ablation study for the S2-module. Our multi-receptive structure

achieved better accuracy than the other settings.

4.7.2 Ablation Study

Table 4.8 shows ablation studies for the importance of multi-receptive field

structure. We use the same structure as described in Table 4.5 but change the

setting of size for average pooling and convolutional kernel. We re-design the

S2-module to always use the same kernel sizes within the S2-block for all con-

volutional and pooling layers, respectively. As shown in Table 4.8, the perfor-

mance of the original SINet is higher than the other combinations for both mIOU

and F1-score. Therefore, a multi-receptive field structure has an advantage for

accuracy over a single-receptive field one.

4.8 Comparison between C3 and S2

In this section, we provide comparison results between C3 and S2 by using

SINet structure with setting described in Table 4.6. We also show the other state-
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Method Param (K) FLOPs (G) mIoU (val) Acc (val) CPU (s) GPU (s)

C3 135.44 1.53 67.87 94.11 0.947 0.015

S2 126.47 1.26 66.68 93.94 0.479 0.014

S2+ 119.42 1.20 68.22 94.08 0.546 0.015

Table 4.9: Comparison results from our proposed methods on the Cityscapes

validation set. We use 2048 × 1024 input images in the I7-1065 G7 CPU envi-

ronment and I7-9700K CPU and Titan RTX for the GPU environment. CPU (s)

means latency time in the CPU environment and GPU (s) indicates latency time

in the GPU environment. S2+ denotes using factorized S2 block by depth-wise

asymmetric convolution instead of depth-wise convolution.

of-the-arts (SOTA) segmentation model on the Cityscapes benchmark.

Implementation details: We follow the MobileNet V3 training method for

evaluation on the Cityscapes dataset. For a fair comparison, C3 can replace di-

lated convolution with similar accuracy but less computation. Also, we prove

that S2 achieves fast speed but comparable accuracy with other lightweight seg-

mentation.

4.8.1 Evaluation Results on the Cityscapes Dataset

We conduct a comparison evaluation among our proposed convolutional block

C3 and S2 as shown in Table 4.9. We use SINet large model as described in

the Table 4.6 and Cityscapes validation set. Using C3 shows better performance

than S2-block, and also, the number of FLOPs is quite similar to both networks.

However, the latency time is totally different depending on the experiment en-

vironment. Using GPU, the time is similar to the number of FLOPs, but the
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Model Param (M) FLOPs (f) FLOPs (h) mIOU

ESPNet 0.36 - 4.5 61.4

ContextNet14 0.85 5.63 - 66.1

ESPNetV2 0.79 - 2.7 66.2

MobileNetV2(0.35) 0.16 2.54 - 66.83(val)

MobileNetV3-small 0.47 2.9 - 69.4

SINet+ (Ours) 0.12 1.2 - 66.5

Table 4.10: Semantic segmentation results on the Cityscapes test set. FLOPs

(f) means that the number of FLOPs is measured with full-resolution input,

2048 × 1024. FLOPs (h) denotes that the number of FLOPs is measured with

half-resolution, 1024× 512.

latency time in the CPU environment increases significantly when using C3 for

the basic block. For further improvement, we apply depth-wise asymmetric con-

volution instead of depth-wise convolution in the S2-block. The latency time is

slightly increased in the CPU environment, but the accuracy is improved a lot.

We also demonstrate that our proposed method is suitable like other general

segmentation models by testing the Cityscapes dataset. We compare the S2+

block based on SINet large networks with other SOTA models. Here, SINet

has only 0.12M parameters and 1.2GFLOPs for the input of size 2048 × 1024,

but our model showed better accuracy than any other lightweight segmentation

model except MobileNet V3 and MobileNet V2. The accuracy of SINet de-

creases by 2.9% with respect to MobileNet V3, but the number of parameters

and FLOPs are much lower than MobileNet V3.

Speed on a mobile Device:
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Model Min(ms) Mean(ms) Max(ms)

SINet 9.63 9.94 16.94

MobileNetV3 15.88 16.18 26.28

ESPNet V2 36.87 37.65 46.6

Table 4.11: Latency time experiments using CoreML framework for iOS13.1.2

in iPhone XS. We converted the ESPNet V2 Pascal VOC segmentation model by

CoreML framework from their official converting code for a baseline of latency

time in a mobile environment. The input size of SINet and MobileNet V3 is

224×224 and the input size of ESPNet V2 is 256×256. The numbers of FLOPs

of SINet, MobileNet V3, and ESPNet V2 are 0.064G, 0.066G, and 0.338G. Our

SINet is faster than MobileNet V3 and ESPNet V2 in all the environments. All

performance values are reported in milliseconds

We compared the execution speed of the proposed model with the SOTA

segmentation model MobileNet V3 on an iPhone XS using the CoreML frame-

work. We are running on all the experiments with iPhone XS Max and iOS

13.1.2. We do 100 iterations and wait 2 seconds between each run, and all per-

formance values are reported in milliseconds. MobileNet V3 has 60.7 FPS, and

our SINet has 100.6 FPS. The FLOPs in MobileNet V3 and SINet are sim-

ilar, but SINet is much faster than MobileNet V3. We conjecture that the SE

block and h-swish activation function are the main reasons for the increase in

latency in MobileNet V3. In summary, the proposed SINet showed outstanding

performance among the various segmentation model in terms of accuracy and

speed.
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Chapter 5

Reducing Temporal Redundancy in Semi-supervised

Video Object Segmentation via Dynamic Inference

Framework

Semi-VOS tracks an object of interest across all the frames in a video given the

ground truth mask of the initial frame. VOS classifies each pixel as belonging to

background or a tracked object. This task has wide applicability to many real-

world use cases including autonomous driving, surveillance, video editing as

well as to the emerging class of augmented reality/mixed reality devices. VOS

is a challenging task because it needs to distinguish the target object from other

similar objects in the scene even as target’s appearance changes over time as

well as through occlusions.
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(a)

(b)

Figure 5.1: (a) Histogram of a range of IoU between the previous and the cur-

rent ground truth masks. X-axis is a range of IoU and y-axis denotes frequency

corresponding to the range of IoU. (b) FPS and accuracy (J&F ) comparison

between the baseline model (FRTM [80]) and our dynamic network on videos

having high IoU between the previous and current ground truth masks. The pro-

posed method preserves the original accuracy while improving the speed a lot.

A variety of methods have been proposed for solving video object segmenta-

tion including online learning [80, 60], mask propagation [51, 15], and template

matching [108, 68]. A common theme across most of these previous methods is

to use information from previous frames – either just the first frame, some of the

previous frames (first and last being a popular option) or all the previous frames

– to produce high quality segmentation mask.
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In this work, we ask a different question

Q: Can we use temporal information to identify when the object appear-

ance and position has not changed across frames?

The motivation for doing so would be to skip much of the expensive computa-

tion needed to produce a high-quality mask for the current frame if that mask

is almost the same as the mask we computed in the previous frame. Instead, we

can produce current frame’s mask using a cheap model that just makes minor

edits to the previous frame’s feature. As shown in Figure 5.1 (a), for a significant

fraction of the frames in the popular DAVIS and YouTube-VOS dataset, object

masks are very similar to their previous frame’s masks (73.3% of consecutive

frames in DAVIS 17 dataset have IoU greater than 0.7).

We build on the above observation by constructing a cheap temporal match-

ing module to quickly quantify the similarity of the current frame with the pre-

vious frame. We use the similarity to gate the computation of high-quality mask

for the current frame – if the similarity is high we reuse previous features with

minor refinements and avoid the expensive mask generation step. This allows us

to avoid majority of computations for the current frame without compromising

on accuracy.

Our approach compliments the existing video object segmentation approaches

and to demonstrate its generality, we integrate our proposal into multiple prior

video object segmentation models – FRTM [80] and TTVOS [71]. To the best

of our knowledge, we are the first to propose skipping computation of segmen-

tation masks dynamically based on the object movement. We believe this is a

significant contribution that will enable high-quality video object segmentation

models to run on mobile devices in real time with minimal battery impact.

We make the following contributions in this paper:
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• We make the case for exploiting temporal information to skip mask gen-

eration for frames with little or no movement.

• We develop a general framework to skip mask computation consisting

of sub-networks to estimate movement across frames, dynamic selection

between processing full-network or reusing previous frame’s feature for

generating mask and a novel loss function to train this dynamic architec-

ture.

• We evaluate our approach on multiple video object segmentation models

(FRTM, TTVOS) as well as multiple challenging datasets (DAVIS 16,

DAVIS 17, Youtube-VOS) and demonstrate that we can save up to 47.5%

computation and speedup FPS by 1.45× with minimal accuracy impact

on DAVIS 16 (within around 0.4 % of baseline).

We explain our dynamic architecture that estimates the movement across

frames and skip mask generation for the VOS task. In Sec 5.2, we briefly sum-

marize the baseline model, FRTM[80], and introduce our method of converting

the baseline model into a dynamic architecture. Note that our proposed dynamic

inference architecture can be applied to other VOS frameworks as well. In Sec

5.3, we explain our template matching method for measuring dissimilarity. The

reuse gate function takes the dissimilarity information to quantify movement

across frames and selects between different paths for generating mask (process-

ing full-network when the reuse gate is off and reusing previous frame’s feature

when the reuse gate is on). In the case of the reuse gate being on, the model pro-

duces a difference map between adjacent frames using the delta-generator. In

Sec 5.4, we show how the reuse previous feature maps through delta-generator

and refine-translator to the current feature map, Ŝt abd R̂t. Finally, in Sec 5.6,
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we have empirically witnessed that when the common constraint for the gate

function [46, 102] is used, the model experiences dramatic performance degra-

dation. To resolve this problem, we introduce a new gating loss, called gating

probability loss, that takes the IoU between the current and the previous masks

into account as described.

5.1 Relate Work

FRTM [80]: The online-learning method is available to achieve better accuracy

but suffers from additional latency time for training weights in the inference

stage. FRTM resolves this problem by dividing the model into two parts and

using the temporal data augmentation method. They devise a lightweight score

generator trained by the online-learning approach and a heavy segmentation net-

work trained by offline-learning for producing fine segmentation maps from the

output of the score generator. Here, the score generator consists of two layers,

and thus fast convergence is possible by employing the Gauss-Newton method.

For improving robustness, they apply a random affine warp and blur to the targe

object and paste it back onto the image for data augmentation. They generate

an initial dataset of 5 pairs of images and labels to train the score generator and

add subsequent frames and estimated masks as memories for producing various

samples to update the score generator’s weights in inference time.

Gumbel Softmax [35]: Sampling from a categorical distribution is hard to

deploy in a stochastic neural network due to the inability of back-propagation.

Gumbel softmax resolves this problem by reparameterization trick. The discrete

variables are selected by learning probabilistic latent representations that corre-

spond to distinct semantic classes. Gumbel softmax uses the softmax function
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as a differentiable approximation to argmax. In inference, it extracts a sample

from trained probability distribution by argmax. However, it generates continu-

ous vectors by softmax function as follows:

y = argmax(σ(x))− σ(x).detach() + σ(x) (5.1)

Here, y is a discrete variable from trained probability distribution x. σ is a soft-

max function and detach() indicates detached gradients of σ(x).

5.2 Online-learning for Semi-supervised Video Object

Segmentation

5.2.1 Brief Explanation of Baseline Architecture

Here, we explain baseline method, which uses online learning approach, briefly.

The baseline train models to learn target-specific appearance during the infer-

ence stage. This enhances the robustness of a model but it still suffers from

extensive latency due to the fine-tuning step. FRTM [80] depicted in Figure

5.2 (excluding the proposed template matching and gate function modules) re-

solves this chronic issue in the online-learning realm by splitting the model into

a light-weight score generator and a segmentation network. The light-weight

score generator simply consists of two layers for faster optimization during on-

line learning, and it produces a coarse score map of an object. The segmentation

network is much more complex than the light-weight module. Taking extracted

feature maps as an extra input along with the score map, the network refines the

coarse score map and generates high quality masks. The segmentation network

is trained offline to reduce the burden of online-learning.

As shown in Figure 5.2, a shared feature extractor produces feature maps
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fNt from the current frame, where fNt denotes a feature map at frame t with

an 1/N -sized width and height of the input. f16t is forwarded to the lightweight

score generator to generate a target score map. Then, the segmentation network

gradually increases the spatial size of the feature map from f32t using the score

map in a U-Net-like structure. f32t, f16t, f8t and f4t are enhanced for gener-

ating a more accurate mask by the score map. The final high resolution feature

map is converted to a target segmentation mask. The second layer in the score

generator is updated every eight frames to handle the changing of the target

appearance.

5.2.2 Our Dynamic Inference Framework

We analyze that a substantial amount of frames in a video are similar to each

others and for these redundant frames, the model can reuse previous information

instead of full path calculation. Therefore, in our model, not every layer need

to be fully-forwarded to extract and refine features. The template matching is

applied to measure movement from dissimilarity between current and previous

frames. The gate function decides whether to skip calculation or not from an

output feature map of the template matching module. Details are described in

Sec 5.3.

Our gate function consists of two convolution layers and two max-pooling

layers as follows:

Pgate = σ(w2 ∗ f(w1 ∗ f(x))), (5.2)

where w and f denotes convolution weights and max-pooling in a layer, respec-

tively and σ is a sigmoid function that returns the probability, Pgate, of the gate

being on (reuse). If Pgate is higher than a threshold τ 1, which means the current
1In the training stage, we set τ = 0.5.
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and previous frames are similar enough, the reuse gate is on as follows:

gt =


1 (reuse) if Pgate ≥ τ

0 (not reuse) otherwise
(5.3)

If the reuse gate is off (gt = 0), the model generates a score map for the cur-

rent frame following the original FRTM method and the generated score map is

stored to be used as a previous score map for subsequent frames. On the other

hand, if the reuse gate is on, the model reuse two previous feature maps 1) score

map 2) refined feature map for skipping sub-network of feature extraction and

segmentation network. For the feature extraction stage, the model makes a delta

map, ∆t, through the delta-generator. The delta-map contains information on

pixel-wise foreground-background conversion from the previous to the current

frames. The model adds the delta-map into the previous score to estimate the

current score map. Therefore, we can skip the remaining feature extraction pro-

cess of calculating f16t and f32t which need to get score map in baseline. In the

segmentation network, we cannot use the original network due to missing f16t

and f32t as shown in Figure 5.2. RNt denotes a refined feature map at frame t

with an 1/N -sized width and height of the input, and is produced from fN ′t and

St, where N ′ = N/2. We estimate R̂8t by using the refine-translator The pre-

vious refined feature map R8t−n, and ∆t are passed on to the refine-translator,

and refine-translator consists of multiple size receptive fields to estimate R̂8t.

Therefore, the model can also skip stages of making R16t and R8t. Details are

described in Sec 5.4.
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Figure 5.3: Process of the template matching. The output feature map of the

template matching module, Dt, focuses on dissimilarities between the current

and the previous frames. Dt is forwarded to the gate function and the delta-

generator.

5.3 Quantifying Movement for Recognizing Temporal

Redundancy

In order to quantify the movements across frames, we find dissimilarity informa-

tion that is measured by utilizing a simple module introduced in TTVOS [71].

They proposed a light-weight template matching module, which generates a

similarity map, as an output, to focus on the target from the input by compar-

ing with a template. The template contains the target appearance. Inspired by

this light-weight module, we integrate the template matching procedure into

our framework to generate the dissimilarity feature,Dt in Figure 5.3, with some

modifications.

In our work, we apply the property of template matching to focus on the

dissimilarity, as described in Fig 5.4. To do this, we use current frame feature

map, f8t, as current information, and the previous score map, St−n, which is

produced from score generator for the previous information. Then, both fea-

ture maps are concatenated together and provided as an input to the template

matching module to be compared with the template. The template matching
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Figure 5.4: Explanation about dissimilarity information. ‘Prev. info.’ is repre-

sented by St−n. ‘Curr. info.’ is represented by f8t. FG and BG denotes fore-

ground and background, respectively. Transition indicates change in class from

t − n to t. We focus to correctly identifying the dissimilar regions (A and C)

between frames.

module produces dissimilarity feature map, Dt ∈ Rcf ,H,W , which has the same

resolution as f8t with a channel size of cf . The Dt is forwarded to the reuse

gate function for deciding whether to skip the computation or not. If the reuse

gate is on, the delta-generator makes a delta map ∆t from Dt, which represents

which pixels are changed from background to foreground and vice versa. The

delta-generator consists of a single convolution layer, so the computation is not

heavy. The loss, Loss∆, accomplishes the above mentioned process by reducing

the gap between y′t − St−n and ∆t as follows:

Loss∆ = L2(∆t, y
′
t − St−n). (5.4)

where y′t denotes the reduced sized ground truth mask at frame t and St−n is

the previous score map. L2 loss minimizes the pixel-wise difference between

∆t and y′t − St−n.

In the initialization stage, the template is generated with the given initial

image I0 and the corresponding mask y0. We reduce the resolution of the y0

79



(a) (b)

Figure 5.5: (a) The detailed structure of construing template in initialization

stage. An operation (a,b,c) denotes the input channel, output channel, and ker-

nel size of convolution operation, respectively. (b) Process of template match-

ing. The output feature map of the template matching module focuses on mis-

alignment information between the current and previous frames. The output of

template matching is forwarded to the gate function and the delta-generator..

and consider the down-sampled mask as an initial score map S0, i.e. S0 = y′0.

f80 is produced from I0 and concatenated with S0 to construct the template as

in TTVOS [71]. Unlike TTVOS where the template is updated every frame, our

model skips the updating process to increase the speed of inference.

5.3.1 Details of Template Matching

In this section, we describe a detailed process of the template matching and the

template generation as shown in Figure 5.5 and Equation (5.6). First we explain

how to generate template in initialization stage, after then we show the detail

process of template matching for every input frames.
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We conjecture that pixels inside a target object have a distinct embedding

vector distinguished from non-target object pixels. Our model is designed to

embed this vector by self-attention while removing the irrelevant information of

the target object by a ground truth score map S0 as shown in Figure 5.3 (a).

For constructing template TP , the backbone feature f80 and the ground

truth score map S0 are concatenated to generate X ′t. The S0 is maneuvered as

like attention clue for suppressing information far from the target object. The

concatenated feature map X ′t is forwarded to two separate branchesf(·) and

g(·), making f(X ′t) ∈ RNtp×H×W and g(X ′t) ∈ Rctp×H×W like embedding key

and value function as shown in Figure 5.5 (a). After then, the feature maps are

reshaped toNtp×HW and ctp×HW and calculated to generate an embedding

matrix for template TP as follows:

TP = σ(f(X ′t)× g(X ′t)
T ) ∈ RNtp×ctp . (5.5)

Here, σ is a softmax function applied row-wise. This operation is similar to

global pooling and region-based operation [7] in terms of making one repre-

sentative value TP i,j , where the (i, j) element of TP , and it represents the jth

information of the ith factor describing target’s property. In other word, we have

Ntp factor which consist of ctp dimension as a current target object’s template.

For matching operation, the current and the previous information are used

together for this module and the module identifies movement between adjacent

frames. First, the module compares a template and the input using matrix mul-

tiplication to produce a displacement feature map, Zt. Second, information in

Zt and the current feature map are blended together to generate the final dissim-

ilarity feature, Dt. Here, Xt is a concatenated feature of f8t from the feature

extractor and the previous score map, St−n. q(Xt) is generated by passing Xt
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Figure 5.6: (a) Process of reuse score map with delta-generator (b) Structure of

refine-translator for reuse refined feature map map.Conv(c, c′, k, d) denotes a d

dilated k×k convolution layer with an input channel of c and an output channel

of c′.

into several convolutional layers as shown in Figure 5.3 (b), and it becomes

q(Xt) ∈ Rctp×H×W , where ctp is the number of channels of the feature map.

In order to produce the dissimilarity feature map, we generate Zt, which is the

result of matrix multiplication between the template, TP , and a query feature

map, q(Xt), as follows:

Zt = TP × q(Xt). (5.6)

f8t is forwarded to convolutional layers to produce modified feature map,

f8′t ∈ Rcf×H×W , where cf is the number of channels of the feature map. After

then, Zt and f8′t are concatenated together to blend both information for cre-

ating the final displacement feature map, Dt. In this process, both f8′t and Dt

have the same resolution of (H,W ) and the same channel size of cf . Finally,

Dt is used for both the gate function and the delta-generator.
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Figure 5.7: (a)-(d) Example of goat. Top row is frame 24 and the bottom row is

frame 25. (a) Input frames are overlapped with ground truth masks. (b) S24 and

Ŝ25. (c) Activation maps of R824 and R̂825. (d) estimated masks. (e) Top: ∆25,

Bottom: ground truth mask of frame 25.

5.4 Reusing Previous Feature Map

When the reuse gate is on, our model skips partial layers which produce score

map St and refined feature map R8t. Therefore we can boost model speed cor-

responding a feature extraction and a segmentation network. Here we explain

about how to reuse previous score map and refined feature map.

When we quantify movements of object, we produce dissimilarity feature

map as Dt for embedding difference between previous and current frames. Af-

ter then, Dt is forwarded into the delta-generator for recognizing which pixels

are changed and how the class of pixels is converted between foreground and

background. The result is delta map δt as shown on the first row of Figure 5.7

(e), and the black color in δt means the pixel has high possibility of converting

from foreground and background, and the white color vise versa. The gray color

means the class of pixel is not changed and keep same one regardless foreground

and background. For estimating Ŝt, we simply add ∆t to the previous score map

St−n as shown in Figure 5.6 (a).
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The segmentation network generates the final accurate mask with the coarse

score map S along with features from the feature extractor. When the reuse gate

is on, our model starts the segmentation network from f8t. However, the origi-

nal network increases the resolution starting from f32t, which is a feature map

32 times smaller than the original input image size. Since we input different

sized feature map to the network, we design a refine-translator to estimate R̂8t

using R8t−n and ∆t as shown in Figure 5.6 (b). Many segmentation networks

used multi-sized receptive fields to improve the accuracy [61, 73, 70]. We adopt

this method with different dilated ratios. As shown in Fig 5.7(a), R8t−n and ∆t

are concatenated and passed on to different dilated convolutions. Each output

feature map has to embed features with different receptive fields to cope with

various object sizes. Finally, the entire information is merged using a convolu-

tion layer and a ResBlock. After the refine-translator, the remaining process is

the same as that of the original FRTM. Figure 5.7(b)-(e) explains the overall

process with two consecutive frames, 24 and 25, in a goat video. Figure 5.7(d)

shows R̂825 in the first row and R824 in the second row. ∆24 is depicted in the

first row of (f). The second row of (e) shows the generated mask produced using

Ŝ25, f825, f425 and R̂825.

5.5 Extend to General Semi-supervised Video Object

Segmentation

So far, we discuss how to convert FRTM to dynamic inference framework.

Henceforward, We provide further explanation that the proposed method can

be used flexibly with other frameworks, and we introduce how our method can

be applied to not only FRTM but also to other semi-VOS frameworks. Figure
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5.8 (a) briefly describes the concept of our method. Ft is a desired location for

skipping layers in the feature extraction procedure. Likewise, Rt is a desired

location for skipping layers in the refined small feature map for making an ac-

curate target mask. When the reuse gate is on, layers in sub-network after Ft

and before Rt are skipped.

Figure 5.8 (b) is a simplified general framework on semi-VOS and this is

same with when the reuse gate is off. A process of semi-VOS consists of 1)

feature extraction, 2) localizing the target object in the input feature map by

using target information and 3) refining a small attention map for better quality

of mask. In detail, when feature extractor generates a small feature map, ft, at

frame t, the model finds a desired target from ft using target information which

is generated in the initialization step. The target information can be embedded

by various method such as a template features [71, 108, 104], memories [49,

68], fine-tuned weights [80, 60, 75] or parametric distribution [38] according

to each model’s approach. More specifically, FRTM [80] learns target-specific

information by fine-tuning two layers of a network and TTVOS [71] generates

a template containing target-specific information using matrix multiplication.

After finding the desired target with the target-specific information, the model

produces an attention map, At, which has an activation of the location of the

target in pixel-wise level. Finally, the refined network elaborates theAt to match

the resolution of the input frame and enhances fine-grained details.

Figure 5.8 (c) explains how to skip sub-network from the original framework

in Figure 5.8 (b). To decide network path, the model detects whether the frame

has little or not by comparing Ft and the previous information Ft−n by template

matching method descried in Section. 5.3. Once the gate function decides to

skip layers, the network reuses the feature map from the previous frame like
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before. Based on FRTM, we apply the template matching method to find the

difference information as Dt and reuse previous score map with delta map ∆t.

This delta map is generated from Dt and trained with difference image between

previous and current score map. For extending to other models, it is possible

to use the previous mask instead of the score map as previous information and

train network for generating delta map as follow:

Loss∆ = L2(∆t, y
′
t −Mt−n). (5.7)

In details, to use the previous mask as previous information for training, Loss∆

is calculated with Mt−n instead of St−n. Finally, the model translates the pre-

vious refined feature map, Rt−n, using ∆t, to make R̂t as similar like FRTM

based framework.
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(a)

(b)

(c)

Figure 5.8: (a) Simplified dynamic inference framework for semi-VOS task. (b)

Simplified semi-VOS framework. When the reuse gate is off, the model use

original full-network. (c) Skipped semi-VOS framework. When the reuse gate

is on, the model skips a sub-network and reuses previous features.

5.6 Gate Probability Loss

This section explains how we train our dynamic network. The challenge is

twofold: Firstly, we need to train multiple network paths as well as the gat-
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ing logic (reuse gate). In the detail, the quantity of target’s movement varies

depending on consecutive input frames in the training stage. Therefore, the op-

timal selection of reuse gate is diverse for each iteration. We desire that if the

quantity of movement is a lot, model learns not to select the reuse gate, while

if the quantity is little, model learns to select the reuse gate. The second chal-

lenge is to encourage the network to achieve high segmentation accuracy while

choosing the cheaper computation path as often as possible.

To accomplish this, we use the following training recipe – when the model

training begins, we train the reuse gate function to predict the IoU of the current

frame’s ground truth mask with respect to that of the previous frame. Based on

Pgate, as mentioned in Equation (5.2) of Section 5.2, we train the different paths

for mask generation. As the training progresses, we want to avoid the situation

where the network predicts a low value for Pgate to select the more expensive

full mask generation path for achieving a higher IoU score. We accomplish this

by artificially boosting the IoU between the current and the previous frame’s

mask introducing a margin which is gradually increased until it reaches m1

from 0. By doing so, we direct the network to select the skip path more often

and achieve higher accuracy even with the reduced computation.

To realize the above training schedule, we propose a novel gate probability

loss that is based on IoU as follows:

m = m1 ∗ (epc/epT ),

Ptarget = Max(m, IoU t−nt ),

(5.8)

Lossgp = Max(m2, |Pgate − Ptarget|)2 (5.9)

where IoU t−nt is IoU between the ground truth mask frames at time t − n and

t, and epc is the current epoch and epT is the target epoch at which time m
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reaches to m1. We set 120 for epT . A gate probability loss, denoted by Lossgp,

penalizes the model proportionally to the difference between Pgate and Ptarget,

when the difference is larger than the margin m2. The final loss becomes:

Loss = Lossgp + Loss∆ +BCE(yt, ŷt), (5.10)

where BCE is the binary cross entropy loss between the pixel-wise ground

truth yt at frame t and its estimation ŷt.

5.7 Experiment

In this section, we prove the efficacy of the proposed method using the offi-

cial benchmark code of DAVIS [76, 77]2 and the official evaluation server of

YouTube-VOS 2018 [114]3. We compare our model with other state-of-the-art

models by extending it to FRTM, and show further application of the proposed

method on a different architecture, TTVOS. Our ablation study shows that the

refine-translator and the gate probability loss are important factors in preserving

the original accuracy by proper control of the gate. We measure detailed perfor-

mance degradation with and without the refine-translator using different values

of τ in Equation (5.3). Furthermore, we report performance changes depending

on the different setting of margins, m1 and m2, in Equation (5.8).

Implementation Details: We implement our method with the FRTM official

code 4. FRTM consists of two versions: FRTM and FRTM-fast. FRTM uses

ResNet101 and FRTM-fast uses ResNet18 for feature extraction, and different

numbers of iterations are used for fine-tuning the score generator. We follow
2https://github.com/davisvideochallenge/davis2017-evaluation
3https://competitions.codalab.org/competitions/19544
4https://github.com/andr345/frtm-vos
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their training scheme with the following modifications to better fit out dynamic

architecture training. We change batch size from 16 to 8 and increase the number

of sequences from 3 to 6 to train with greater temporal history within the same

memory budget. In other words, when the number of sequences is 3, the model

uses the first frame for the initialization step and the rest for the training of the

model. It makes hard to learn a long range of similarity for dynamic framework.

The learning rate is decreased from 1e−3 to 5e−4 and we use the total training

epoch of 260. Following the setting of AIG [102], we initialize the reuse gates

to be on with the probability of 15%.

5.7.1 DAVIS Benchmark Result

We compare our method with other state-of-the-art models, as shown in Ta-

ble 5.1 and Fig. 5.9. We report a model used for feature extraction and train-

ing datasets for clarification, since each model has a different setting. Further-

more, we also show additional results on TTVOS to claim the generality of our

method. Our method improves the inference speed without any significant accu-

racy degradation. In Table 5.1, a prefix of Reuse- denotes the implementation of

the proposed method on the baseline models, FRTM and TTVOS. In the slowest

case of τ = 1, the model uses every layer of the network, which is equivalent

to using the original baseline model. Our model reports slightly higher perfor-

mance when applied to FRTM with τ = 1 than the original FRTM. We assume

that the difference comes from the different number of training sequences used,

as in our implementation 6 is used instead of 3. In case of τ = 0.7, the average

reuse rate in the model is 0.402 for DAVIS 17 and 0.475 for DAVIS 16 with

marginal performance degradation of 1.8 and 0.4. FPS improves from 24.6 to

37.8 and 37.6 to 58.0 on each dataset, which are 1.5 times faster than the slowest
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Figure 5.9: FPS vs J&F score on the DAVIS validation sets. 4, �, and �

denotes experiments based on FRTM-fast, FRTM, and TTVOS, respectively.

Reuse- indicates using the proposed method and fastF denotes experiments

based on FRTM-fast with the fusion method and FRTM-fastR is result of re-

ducing a channel size from multiple layers in original FRTM-fast as shown on

Table 5.2.

case of τ = 1. We also apply our method into TTVOS to prove that our method

can be used for other VOS models regardless of whether a model produces the

score map or not. Successfully, our method can bring improvement of speed

over the baseline model without performance degradation, and details of the ar-

chitecture are explained in the supplementary material. Moreover, our dynamic

method is much faster than DTN [122], a dynamic network with switching mod-

ules, with better accuracy on DAVIS 17 and comparable accuracy on DAVIS 16.
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Train Dataset DAVIS

Method Feature Ytb Seg Syn 17 16 FPS

OnAVOS [105] VGG16 - o - 67.9 85.5 0.08

OSVOS-S [60] VGG16 - o - 68.0 86.5 0.22

STM [68] ResNet50 o - o 81.8 89.3 6.25

GC [49] ResNet50 o - o 71.4 86.6 25.0

OSMN [115] VGG16 - o - 54.8 73.5 7.69

RANet [110] ResNet101 - - o 65.7 85.5 30.3

A-GAME [38] ResNet101 o - o 70 82.1 14.3

FEELVOS [104] Xception65 o o - 71.5 81.7 2.22

SiamMask [108] ResNet50 o o - 56.4 69.8 55.0

DTN [122] ResNet50 - o - 67.4 83.6 14.3

FRTM [80] ResNet101 o - - 76.7 83.5 21.9

FRTM-fast [80] ResNet18 o - - 70.2 78.5 41.3

TTVOS [71] ResNet50 o - o 67.8 83.8 39.6

Reuse-FRTM (τ = 1) ResNet101 o - - 76.4 84.3 18.2

Reuse-FRTM (τ = 0.7) ResNet101 o - - 74.3 82.3 28.1

Reuse-FRTM-fast (τ = 1) ResNet18 o - - 71.7 80.9 37.6

Reuse-FRTM-fast (τ = 0.7) ResNet18 o - - 69.9 80.5 58.0

Reuse-TTVOS (τ = 0.7) ResNet50 o - o 66.5 83.5 49.1

Table 5.1: Quantitative comparison on the DAVIS benchmark validation set.

Ytb represents using Youtube-VOS for training. Seg is a segmentation dataset

for pre-training by Pascal [20] or COCO [53]. Syn is using a saliency dataset

for making synthetic video clip by affine transformation. Reuse- indicates us-

ing the proposed method based on FRTM and TTVOS. Similar to other works,

we measure FPS on DAVIS 16. Note that performances and speed on baseline

models are taken from original papers.
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5.7.2 Ablation Study

Figure 5.10: Ablation study about different method for reusing previous infor-

mation, when the reuse gate is on by comparison of accuracy and FPS on DAVIS

with different τ . Ours is our method based on FRTM-fast. Copy simply copies

the previous mask for the current frame, without using the refine-translator.

Fusion copies the previous mask if the similarity of consecutive frames is ex-

tremely large. Otherwise, original method of the refine-translator is used.
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Lossgp D/R dv17 dv16 FPS

FRTM-fast x x 70.2 78.5 41.3

FRTM-fast* x x 71.7 81.3 40.1

FRTM-fastR x x 66.1 78.6 48.6

LossNgate x o 61.3 76.5 37.8

Ours-copy (τ = 0.7) o x 63.3 72.4 75.6

Ours-copy (τ = 0.5) o x 52.6 60.3 100.8

Ours-copy (τ = 0.1) o x 31.2 34.8 150.2

Ours-fusion (τ = 0.7) o 4 69.0 79.6 61.8

Ours-fusion (τ = 0.5) o 4 63.7 75.0 77.7

Ours (τ = 1) o o 71.7 80.9 37.8

Ours (τ = 0.7) o o 69.6 80.5 58.0

Ours (τ = 0.5) o o 66.5 78.7 68.2

Ours (τ = 0.1) o o 56.5 72.0 78.1

Table 5.2: Ablation study on the proposed modules and the loss function.

LossNgate means training the gate function using the constraint of the num-

ber of gates being on. D/R means using the delta-generator and the refine-

translator, in the case of reuse gate being on. 4 indicates using one of copy,

ours, and the full path calculation based on the value of the estimated similar-

ity. FRTM-fast* is our implementation with the same training schemes as our

gate function. FRTM-fastR is our implementation of reducing the number of

channels in multiple layers to make its inference speed similar to ours.
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Figure 5.11: Ablation study about Pgateby comparison of accuracy and reuse

rate on DAVIS with different setting of τ . Ours estimates the similarity by

gate function for deciding gate being on or off. gIoU is using ground truth IoU

between adjacent frames as a similarity for deciding gate.

In this section, we analyze our modules to show the importance of using 1) the

refine-translator, 2) the gate probability loss and 3) the margin in gate probability

loss for preserving original accuracy.

Table 5.2 and Fig. 5.10 demonstrate the effect of the refine-translator. Orig-

inally, the refine-translator takes the previous refined feature map and estimates

a feature map corresponding to the current stage. To validate the importance of

the refine-translator, we implement other methods to replace original method
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with copy and fusion. copy indicates that the model simply copies the previous

mask as a result of the current frame when the reuse gate is set on. Therefore,

these models do not use the refine-translator. fusion is a mixed method between

the copy and the original method with additional threshold of τ2 which is greater

than τ . When the reuse gate is on and the probability value is greater than τ2, the

model copies the previous mask for the current frame due to extreme similarity.

As shown in Fig. 5.10, models that use copy method experience significant per-

formance degradation, while models with our method manage to preserve the

original accuracy. In our method, when τ = 0.1, the reuse rate becomes 95.4%

on DAVIS 16, with minimal 9% of performance degradation and the inference

speed becomes twice faster than when τ = 1. However, in case of the copy

method, the accuracy decreases by 46%. The fusion method takes both advan-

tages from the original and copy methods. The performance and speed of fusion

are drawn in the middle of the our method and the copy method. It suggests an

adequate alternative to the proposed method when greater increase in inference

speed is needed.

96



Figure 5.12: Comparison of accuracy and reuse rate on DAVIS with different

settings of margin in the gate probability loss. We used M(1, 0) for training.

Table 5.2 shows the importance of using the gate probability loss function

for preserving original accuracy. The experiment of LossNgate is the result of

using a fixed constraint on the number of gates that can be used in the compu-

tation as in [46, 102]. Using LossNgate shows huge degradation, even when the

module does not reuse any of the previous features. Furthermore, our method

with τ = 0.7, 0.5 shows better performance and FPS compared to the case of

FRTM-fastR, where channels of multiple layers are reduced in FRTM-fast ex-

cept a feature extractor to meet the similar inference speed as ours. Fig. 5.11

demonstrates that our gate function is working properly following the ground

truth similarity (IoU) between the current and the previous masks. giou uses
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Ours N = 3 N = 5 N = 10 N = 15

Reuse Rate 0.475 0.416 0.407 0.393 0.390

Davis16 80.5 79.9 79.4 79.8 78.9

Reuse Rate 0.402 0.370 0.350 0.338 0.345

Davis17 69.9 69.6 69.9 68.5 68.0

Table 5.3: Performance comparison results depending on the frequency of using

the reuse gate function. We check the reusability in every frame for our model,

and check the reusability in every N frame for the other methods.

ground truth IoU instead of the estimated similarity probability from the gate

function to decide whether to turn the reuse gate on or not. Our results on reuse

rate and accuracy coincide with when giou is used.

Table. 5.3 is comparison results depending on the different frequency of

using reuse gate function with same τ = 0.7. When the frequency is N , the

model calculates the gate function at tN and assigns the same gate results to

tN+1, tN+2 ... t2N−1. Ours is N = 1. The experiment proves that sampled us-

age of gate function makes the whole framework inefficiency. Here, even though

ours has high reuse rate than others, it shows better accuracy. Specifically, when

N is 15, the reuse rate is lower than ours but shows lower accuracy in both

DAVIS16 and DAVIS17.

Table 5.4 represents that the proposed gate function is better than random

gating.P denotes a probability of reuse gate being on. As mentioned in Equation

5.2, our gate function for predicting IoU consists of two convolution layers and

two max-pooling layers. When the gate is on, the other networks are the same as

the proposed method. Ours shows better high accuracy, even higher reuse rate

98



Ours (0.7) Ours (0.6) P = 0.3 P = 0.4 P = 0.5 P = 0.6

Reuse Rate 0.475 0.601 0.332 0.404 0.494 0.598

Davis16 80.5 79.4 79.6 79.5 78.8 78.6

Reuse Rate 0.402 0.524 0.314 0.403 0.510 0.599

Davis17 69.9 67.9 70.5 68.8 67.4 66.4

Table 5.4: Performance comparison results between our gate function and ran-

dom selection. P is a probability of reusing previous results. Ours (0.7) and

Ours (0.6) denote our results when the τ = 0.7 and τ = 0.6, respectively.

than random gating. For example, when the reuse rate is 0.475, the accuracy is

80.5. However, when the reuse gate of random gating is 0.404, the accuracy is

79.5, which is lower than ours (τ = 0.7). Also, when the reuse rate is 0.601

with τ = 0.6, ours have 79.4. However, when the reuse gate of random gating

is 0.494, the accuracy is 78.8, which is lower than ours by 0.6.

Finally, Figure. 5.12 describes the effect of different settings of margin

M(m1,m2) in the gate probability loss as mentioned in Sec. 5.6. We conduct

experiments on various settings, m1 = 0.35, 0.7, 1.0, and m2 = 0.0, 0.2, 0.4.

M(1,0) is used in our setting. When the value of τ is large, the performance of

each experiment shows similar trend. However, when the value approaches to

0, which forces the model to reuse the previous information more, the accuracy

of M(1, 0) is much higher than others. M(1, 0.2) and M(0.7, 0.2) have similar

accuracy and reuse rate. M(0.35, 0.4) works improperly. When τ changes from

0.6 to 0.5, the model suddenly decides to reuse 80% of the frames. Therefore,

we think m2, which is a margin for the gap between Pgate and Ptarget, is a more

important factor for preserving the accuracy.
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5.7.3 YouTube-VOS Result

Dataset G J F

Method FT seg syn All S Us S Us

onAVOS[105] VG o - 55.2 60.1 46.1 62.7 51.4

OSVOS[80] VG o - 58.8 59.8 54.2 60.5 60.7

S2S [114] VG - - 64.4 71.0 55.5 70.0 61.2

PreMVOS [39] RN* o o 66.9 71.4 56.5 - -

STM [68] R50 - o 79.4 79.7 72.8 84.2 80.9

GC [49] R50 - o 73.2 72.6 68.9 75.6 75.7

A-GAME [38] R101 - o 66.1 67.8 60.8 69.5 66.2

RVOS [103] R101 - - 56.8 63.6 45.5 67.2 51.0

FRTM-fast [80] R18 - - 65.7 68.6 58.4 71.3 64.5

FRTM-fast* R18 - o 61.9 67.0 52.6 69.5 58.6

Reuse-FRTM-fast (τ = 1) R18 - o 60.9 65.1 53.0 66.7 58.8

Reuse-FRTM-fast (τ = 0.6) R18 - o 60.3 64.3 53.1 65.2 58.6

Table 5.5: Quantitative comparison on YouTube-VOS benchmark validation set.

Seg is a segmentation dataset for pre-training by Pascal [20] or COCO [53]. Syn

is saliency datasets for making synthetic video clips by affine transformation. S

and Us are seen and unseen categories. VG is VGG16 and R is ResNet. RN* is

a variation of ResNet proposed in [69]. FRTM-fast* is our implementation with

the same training schemes as our gate function. Reuse- indicates using proposed

method based on FRTM-fast. Note that performances on baseline models are

taken from original papers.
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G J F

Method reuseR All S Us S Us

Reuse-FRTM-fast (τ = 1) 0 63.8 68.3 55.2 70.6 61.0

Reuse-FRTM-fast (τ = 0.8) 25.5 63.4 67.6 55.8 69.3 60.9

Reuse-FRTM-fast (τ = 0.7) 40.0 62.7 67.1 55.2 68.2 60.1

Reuse-FRTM-fast (τ = 0.6) 50.9 62.3 66.7 55.3 67.2 60.0

Table 5.6: Quantitative comparison on YouTube-VOS benchmark validation

set with different training scheme. reuseR denotes reusing rate. S and Us are

seen and unseen categories. Reuse- indicates using proposed method based on

FRTM-fast.

Table 5.5 shows our result on YouTube-VOS dataset. FRTM-fast* is a result of

our implementation on baseline models, and we experience performance degra-

dation compared to the original implementation due to difference in a training

scheme. In our model, when τ = 0.6 is used, the accuracy difference is 0.6%

compared to when τ = 1, and the reuse rate is 25%. The reuse rate is lower

than the rate in DAVIS datasets for the same τ . We assume this is partially due

to the fact that Youtube-VOS dataset contains faster moving objects compared

to DAVIS datasets. As shown in Fig. 5.1, fewer consecutive frames are similar

to each other than DAVIS datasets.

For further accuracy gain, we changed our training schemes of Youtube-

VOS experiments. Firstly we give relaxation to the the margin from M(1, 0)

to M(0.5, 0). Secondly, we increase the number of epochs used in the training

process by additional pre-training the model without proposed modules. Here,

our modules include the reuse gate function, the template matching module, the
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delta-generato, and the refine-translator. We provide following two reasons to

the modification we made. 1) Youtube-VOS Train set has less similar adjacent

frames than DAVIS dataset as shown on Fig. 1(a) in Sec. 1. 2) When the gate is

on, the model does not use a sub-network to make R16t and R8t. Therefore, for

the sub-network to get trained equally, we need training time for the model with-

out the reusing process. The overall model accuracy with the proposed modifi-

cation (Table 5.6) is better than without the pre-training stage (Table 5.5). Also,

the accuracy of the unseen category has not changed with different values of the

threshold.

5.7.4 Qualitative Examples

We provide our qualitative examples on a single object (DAVIS 16) and multiple

objects (DAVIS 17) settings. Fig. 5.13 shows an example of frame 23−26 of the

video cows. We finds that the proposed model shows better robustness than the

original model. We conjecture that the template matching helps to discriminate

the desired target objects from the non-target objects such as cow’s legs from

the fence. Fig. 5.14 shows that each object has different reuse rate depending on

the movement. The reuse rate are 0.152 for the red segmented dog, 0.439 for the

green segmented dog, and 0.864 for the yellow segmented human. Since dogs

move faster and the human does not move as much as dogs. our gate function

works properly depending on the movement of each object in the video.
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Ŝ

.(
f)

∆
t

re
ga

rd
in

g
to

ob
je

ct
3.

T
he

bl
ac

k
im

ag
e

of
to

p
of

ro
w

m
ea

ns
th

is
fr

am
e

is
no

tr
eu

se
d.

T
he

re
fo

re
,t

he
∆
t

is
no

tg
en

er
at

ed

104



Chapter 6

Conclusion

In this dissertation, we propose various methods for lightweight image and video

segmentation by reducing redundant computation. Here, we focus on seman-

tic segmentation and semi-supervised video object segmentation, which are the

most fundamental and challenging tasks in this field. The proposed methods are

suitable for many visual applications such as AR/VR, autonomous driving, and

surveillance system. In this chapter, we give a summary of the methods pro-

posed in this dissertation. Then, we discuss the limitations of each technique

and future works for the segmentation field.

6.1 Summary

In chapter 3, we tackle the spatial redundancy problem from general segmen-

tation architecture. Many researchers follow the FCN style framework for se-

mantic segmentation to perform pixel-wise classification, but there are many re-

dundancy operations in both training and test. In detail, neighboring pixels have

a high probability of being the same class, but many models estimate semantic
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category on all the pixels unnecessary. Furthermore, additional operations in the

decoder take multiple feature maps from the encoder to recover the sharp shape

of object masks by convolutional neural networks (CNN) based methods. Also,

in the training phase, conventional segmentation frameworks can not meet the

IID assumption of SGD because neighboring pixels are highly correlated share

information with each other. From the motivations, we comprehensively resolve

these problems by using superpixel-based sampling. We extract a sample from

each superpixel and represent the information by a hypercolumn style feature

map from a parallel pooling branch. We use only 0.37% samples for train-

ing and utilize the high value of learning rates for networks located after the

sampling process. However, it causes noisy gradients and causes performance

degradation. We take the statistical process control (SPC) approach to adjust the

learning rate for mitigating this problem. We evaluated the proposed method on

the Pascal Context dataset and compared the performance with similar method-

ologies. The proposed method shows equal or better performance and is more

efficient than the compared methods.

In chapter 4, we point out the problem of dilated convolution when com-

bine with depth-wise separable convolution. We observe that the simple com-

bination aggravates the grid effect, a weird checker pattern in the final mask.

First, we propose Concentrated-Comprehensive Convolutions (C3) block for a

basic convolution block. Our C3 block comprises the information concentration

stage and the comprehensive convolution stage. The former block compensates

for missing information due to dilation rate by using two depth-wise asymmet-

ric convolutions by compressing information neighboring pixels. The latter in-

creases a receptive field by using a depth-wise separable dilated convolution.

Throughout the extensive experiments, it turns out that our proposed method
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could replace dilated convolution without performance degradation. However,

the practical latency time of dilated convolution becomes different depending

on the dilation rate in mobile device environments. Many works also adopt mul-

tiple branches for taking the multi-receptive field, which is also another factor

in reducing model speed. To resolve this problem, we develop another basic

convolution block to replace dilated convolution thoroughly. We propose The

spatial squeeze block, which uses average pooling and bilinear upsampling. We

achieve high speed in a mobile device with better accuracy than others.

In chapter 5, We emphasize the temporal redundancy problem in the semi-

supervised video object segmentation (semi-VOS) field. Previous works on semi-

VOS have treated every frame with the same importance, which incurs redun-

dant computation when the target object is stationary or slow-moving. To re-

solve this problem, we propose a general dynamic network that skips sub-network

by quantifying the movement of targets across frames. To do this, we estimate

movement by calculating the dissimilarity between consecutive video frames

using a template matching module. Then, we train the model to learn when

to skip layers of the network using a reuse gate function. We also propose a

novel gate probability loss that takes the concept of IoU into the training gate

function for the segmentation field. This loss forces the model to learn when to

turn the reuse gate on, based on how similar the previous and the current frame

are with preserving original accuracy. Our model achieves a boosted inference

speed compared to previous state-of-the-art models without significant accuracy

degradation on standard semi-VOS benchmark datasets: DAVIS 16, DAVIS 17,

and YouTube-VOS with multiple architectures. We hope that this work casts a

new perspective of applying dynamic inference on not only the semi-VOS task

but also on other video-level tasks.
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6.2 Limitations

We point out various redundancy operation problems in the segmentation field

and propose multiple solutions from three different viewpoints. However, there

are still several problems with using the real world directly.

In chapter 3, there are two problems due to superpixels. We employ SLIC

for generating superpixels, but the optimal number of superpixels is different

depending on each image. The user gives the initial parameter for the number of

superpixels because SLIC is based on a k-means algorithm. Some image has a

complex scene or various color objects, the number of superpixels is increased.

Thus, the quality is not satisfied when the initial parameter is far from the op-

timal number of the superpixel. Another issue is the implementation into GPU

environments. In the sampling process, the model takes only a specific location

of features for making hypercolumn. In that process, we need coordinates and

remapping the feature map. It requires irregular memory reading from multiple

feature maps from different layers. Usually, this process is not friendly to GPU

implementation and incurs additional model speed problems.

In chapter 4, we devise novel convolutional blocks for the segmentation

field to replace dilated convolution for using mobile devices. However, another

issue is the power efficiency of the model. We evaluate our model with accuracy,

FLOPs, and latency time in a mobile device, but we can not measure efficiency

in the power efficiency view. This factor is hard to estimate and measure be-

cause it becomes different from converting method, OS type, device type, etc.

Recently, some researchers point out this problem and propose estimation meth-

ods [91, 23].

In chapter 5, we resolve the temporal redundancy problem in video segmen-
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tation by quantifying the target object movement with template matching. We

evaluate our method in both multiple object scenarios and single object scenar-

ios. The reuse rate is 47.5% for a single object scenario and 40.2% for a multiple

object scenario. However, the performance degradation is 0.4% for a single ob-

ject scenario and 1.8% for a multiple object scenario. It means the temporal

matching method, what we use, is not sufficient for cope with multiple object

scenario. In detail, when two objects are overlapped, the result of quantifying

movement as a dissimilarity map is not good. Therefore, we have to design other

lightweight modules for finding temporal redundancy across frames.

6.3 Future Works

The accuracy and model speed for image semantic segmentation are saturated,

but semi-VOS development is still in progress. One obstacle is that the executed

time is increased depending on the number of objects. The executed time of

the other segmentation tasks, such as image semantic segmentation, instance

segmentation, etc., is not changed from the number of objects. However, since

the semi-VOS model cannot know the exact number of objects, it constructs

each object’s template separately. After then, the model extracts a feature of the

frame for all the objects and finds each target independently. Also, the model

uses the soft aggregation method [68], which is post-processing by normalizing

each instance’s foreground probability for aggregation of each instance’s mask

together. Those two mechanisms in the traditional framework cause slow model

speed. Therefore, we need to design a new framework with stable model speed

regardless of the number of objects in the video.

Until now, we discuss the 2D segmentation problem for visual application.
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In the industrial area, the needs of handling the 3D dataset soar up than before.

Specifically, many devices now have depth sensors, and some applications such

as AR/VR and autonomous driving have to use depth information for better user

experience and safety. Therefore, a large 3D indoor dataset [18] is released to

the public, and several architectures are proposed [37, 55] to solve 3D Instance

segmentation task. The depth data is usually represented by a 3D point cloud

and helps to grasp the model shape. However, the 3D point cloud has inherently

irregular and sparse problems. To resolve this problem, some researchers try to

combine two sensors to compensate for depth data by using stable and dense

RGB data. Most models adopt bottom-up with group sub-components into the

instance by integrating RGB results. However, it requires lots of computation for

just one image. For example, PointGroup [37] requires 2 FPS for each scene, but

these days lightweight 2d segmentation archives over 100 FPS with better accu-

racy than the previous model proposed several years before. The main reasons

are that handling point cloud still needs huge effort, and the 3d segmentation

model is designed inefficiently, such as UNet style structure. Therefore, our

goal is to design a novel framework for future visual applications.
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[26] B. Hariharan, P. Arbeláez, R. Girshick, and J. Malik. Hypercolumns for

object segmentation and fine-grained localization. In Proceedings of the

IEEE Conference on Computer Vision and Pattern Recognition, pages

447–456, 2015.

[27] K. He, G. Gkioxari, P. Dollár, and R. Girshick. Mask r-cnn. In Pro-

ceedings of the IEEE international conference on computer vision, pages

2961–2969, 2017.

[28] K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learning for image

recognition. In Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition, pages 770–778, 2016.

114



[29] A. Howard, M. Sandler, G. Chu, L.-C. Chen, B. Chen, M. Tan, W. Wang,

Y. Zhu, R. Pang, V. Vasudevan, et al. Searching for mobilenetv3. arXiv

preprint arXiv:1905.02244, 2019.

[30] A. G. Howard, M. Zhu, B. Chen, D. Kalenichenko, W. Wang,

T. Weyand, M. Andreetto, and H. Adam. Mobilenets: Efficient convo-

lutional neural networks for mobile vision applications. arXiv preprint

arXiv:1704.04861, 2017.

[31] P. Hu, F. Caba, O. Wang, Z. Lin, S. Sclaroff, and F. Perazzi. Tempo-

rally distributed networks for fast video semantic segmentation. In Pro-

ceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition, pages 8818–8827, 2020.

[32] P. Hu, G. Wang, X. Kong, J. Kuen, and Y.-P. Tan. Motion-guided cas-

caded refinement network for video object segmentation. In Proceedings

of the IEEE Conference on Computer Vision and Pattern Recognition,

pages 1400–1409, 2018.

[33] A. Hyvärinen, J. Hurri, and P. O. Hoyer. Natural Image Statistics: A Prob-

abilistic Approach to Early Computational Vision., volume 39. Springer

Science & Business Media, 2009.

[34] S. Jain, X. Wang, and J. E. Gonzalez. Accel: A corrective fusion net-

work for efficient semantic segmentation on video. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition,

pages 8866–8875, 2019.

[35] E. Jang, S. Gu, and B. Poole. Categorical reparameterization with

gumbel-softmax. arXiv preprint arXiv:1611.01144, 2016.

115



[36] Y. Jia, E. Shelhamer, J. Donahue, S. Karayev, J. Long, R. Girshick,

S. Guadarrama, and T. Darrell. Caffe: Convolutional architecture for fast

feature embedding. In Proceedings of the 22nd ACM international con-

ference on Multimedia, pages 675–678. ACM, 2014.

[37] L. Jiang, H. Zhao, S. Shi, S. Liu, C.-W. Fu, and J. Jia. Pointgroup: Dual-

set point grouping for 3d instance segmentation. Proceedings of the IEEE

Conference on Computer Vision and Pattern Recognition (CVPR), 2020.

[38] J. Johnander, M. Danelljan, E. Brissman, F. S. Khan, and M. Felsberg. A

generative appearance model for end-to-end video object segmentation.

In Proceedings of the IEEE Conference on Computer Vision and Pattern

Recognition, pages 8953–8962, 2019.

[39] B. L. Jonathon Luiten, Paul Voigtlaender. PReMVOS: Proposal-

generation, Refinement and Merging for the YouTube-VOS Challenge

on Video Object Segmentation 2018. The 1st Large-scale Video Object

Segmentation Challenge - ECCV Workshops, 2018.

[40] A. Khoreva, R. Benenson, E. Ilg, T. Brox, and B. Schiele. Lucid data

dreaming for object tracking. In The DAVIS Challenge on Video Object

Segmentation, 2017.

[41] J. Kim, M. Ma, K. Kim, S. Kim, and C. D. Yoo. Progressive attention

memory network for movie story question answering. In Proceedings of

the IEEE Conference on Computer Vision and Pattern Recognition, pages

8337–8346, 2019.

[42] D. P. Kingma and J. Ba. Adam: A method for stochastic optimization.

arXiv preprint arXiv:1412.6980, 2014.

116



[43] A. Kirillov, K. He, R. Girshick, C. Rother, and P. Dollár. Panoptic seg-

mentation. In Proceedings of the IEEE/CVF Conference on Computer

Vision and Pattern Recognition, pages 9404–9413, 2019.

[44] J. Kivinen, A. J. Smola, and R. C. Williamson. Online learning with

kernels. IEEE transactions on signal processing, 52(8):2165–2176, 2004.

[45] Y. A. LeCun, L. Bottou, G. B. Orr, and K.-R. Müller. Efficient backprop.

In Neural networks: Tricks of the trade, pages 9–48. Springer, 2012.

[46] S.-h. Lee, S. Chang, and N. Kwak. Urnet: User-resizable residual net-

works with conditional gating module. In AAAI, pages 4569–4576, 2020.

[47] D. Li, A. Zhou, and A. Yao. Hbonet: Harmonious bottleneck on two

orthogonal dimensions. arXiv preprint arXiv:1908.03888, 2019.

[48] H. Li, P. Xiong, J. An, and L. Wang. Pyramid attention network for

semantic segmentation. arXiv preprint arXiv:1805.10180, 2018.

[49] Y. Li, Z. Shen, and Y. Shan. Fast video object segmentation using the

global context module. In The European Conference on Computer Vision

(ECCV), 2020.

[50] Y. Li, J. Shi, and D. Lin. Low-latency video semantic segmentation. In

Proceedings of the IEEE Conference on Computer Vision and Pattern

Recognition, pages 5997–6005, 2018.

[51] F. Lin, Y. Chou, and T. Martinez. Flow adaptive video object segmenta-

tion. Image and Vision Computing, 94:103864, 2020.

[52] G. Lin, C. Shen, A. van den Hengel, and I. Reid. Efficient piecewise train-

ing of deep structured models for semantic segmentation. In Proceedings

of the IEEE Conference on Computer Vision and Pattern Recognition,

pages 3194–3203, 2016.

117



[53] T.-Y. Lin, M. Maire, S. Belongie, J. Hays, P. Perona, D. Ramanan,

P. Dollár, and C. L. Zitnick. Microsoft coco: Common objects in context.

In European conference on computer vision, pages 740–755. Springer,

2014.

[54] S. Liu, L. Qi, H. Qin, J. Shi, and J. Jia. Path aggregation network for

instance segmentation. In Proceedings of IEEE Conference on Computer

Vision and Pattern Recognition (CVPR), 2018.

[55] S.-H. Liu, S.-Y. Yu, S.-C. Wu, H.-T. Chen, and T.-L. Liu. Learn-

ing gaussian instance segmentation in point clouds. arXiv preprint

arXiv:2007.09860, 2020.

[56] W. Liu, A. Rabinovich, and A. Berg. Parsenet: Looking wider to see

better. arXiv preprint arXiv:1506.04579, 2015.

[57] Y. Liu, C. Shen, C. Yu, and J. Wang. Efficient semantic video segmenta-

tion with per-frame inference. ECCV, 2020.

[58] J. Long, E. Shelhamer, and T. Darrell. Fully convolutional networks for

semantic segmentation. In Proceedings of the IEEE conference on com-

puter vision and pattern recognition, pages 3431–3440, 2015.

[59] N. Ma, X. Zhang, H.-T. Zheng, and J. Sun. Shufflenet v2: Practical guide-

lines for efficient cnn architecture design. In Proceedings of the European

Conference on Computer Vision (ECCV), pages 116–131, 2018.

[60] K.-K. Maninis, S. Caelles, Y. Chen, J. Pont-Tuset, L. Leal-Taixé, D. Cre-
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초록

분할모델은다른컴퓨터비전분야와마찬가지로딥러닝신경망을사용하

여 많은 성능 향상을 이루어냈다. 이 기술은 AR/VR, 자율 주행, 감시 시스템

등 다양한 시각 응용 분야에서 주변 장면을 이해하고 물체의 모양을 인식 할

수있기때문에필수적이다.그러나기존에제안된방법의대부분은많은연

산량을 요구 하기 때문에 실제 시스템에 곧바로 적용하는 것이 불가능하다.

본논문은모델복잡성을줄이기위해전체분할영역중에서 Image semantic

segmentation 및 semi-supervised video object segmentation 에서 쓰이는 모델

경량화를 목표로 한다. 이를 위해 기존 프레임 워크에서 불필요한 연산을 지

적하고세가지관점에서해결방법을제안한다.

먼저 decoder의 spatial redundancy 문제에 대해 논의한다. Decoder는 up-

sampling을수행하여작은해상도 feature map을원래의 input image해상도로

복구하여정확한모양의마스크를생성하고, semantic정보를찾기위해각픽

셀의클래스를판별한다.그러나인접픽셀들은정보를공유하고서로동일한

의미를가질확률이높으나이특성을고려한연구가없다.이문제를해결하

기위해 spatial redundancy을줄여 decoder의프로세스를제거하는 superpixel-

based sampling architecture를제안한다.제안된네트워크는통계적프로세스

제어 방법론을활용하여각레이어의학습률을재조정하는학습방법을통해

총픽셀의 0.37 %만으로학습및추론을한다. Pascal Context, SUN-RGBD데
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이터셋을 이용한 실험에서, 다양한 기존 방법들과 제안 된 방법을 비교하여

연산량은훨씬더적지만더우수하거나비슷한정확도를가지는것을실험적

으로증명한다.

두번째로 encoder 에서 널리 쓰이는 dilated convolution 대해 논의한다.

Dilated convolution은 encoder가큰 receptive field를지니도록하여더나은성

능을얻기위해널리사용되는방법론이다.모바일디바이스에서활용하기위

해서는연산량을줄여야하며,가장쉬운방법중하나는 depth-wise separable

convolution방법을 dilated convolution에적용하는것이다.그러나이두가지

방법의간단한조합은지나치게단순화된연산으로인해 feature map의정보

손실을야기하고,이로인해심각한성능저하가나타난다.이문제를해결하

기위해정보손실을보안하는 Concentrated-Comprehensive Convolution (C3)

이라는새로운 convolutional block을제안한다. C3-block을다양한분할모델

인 (DRN, ERFnet, Enet및 Deeplab V3)에적용하여 Cityscapes와 Pascal VOC

데이터셋에서 제안 된 방법의 장점을 실험적으로 증명한다. 또 다른 dilated

convolution의문제는 dilation rate에따라모델수행시간이달라지는점이다.

이론적으로 dilated convolution은 dilation rate 관계없이 유사한 모델 수행시

간을가져야하지만,실제수행시간이디바이스에서는최대 2배까지크게달

라진다. 이 문제를 완화하기 위해 spatial squeeze (S2) block 이라고하는 또

다른 convolutional block을제안한다. S2-block은장거리정보를이해하고많

은 계산을 줄이기 위해 average pooling을 활용하여 공간 정보를 압축한다.

다른경량화분할모델과 S2-block기반의제안된모델과정성및정량분석을

Cityscapes 데이터셋을 이용하여 제공한다. 또한 앞에서 연구한 C3-block과

성능을비교하며,실제모바일장치에서제안된모델이성공적으로실행되는

것을보여준다.

세번째로비디오에서 temporal redundancy문제에대해논의한다.컴퓨터

비전의중요한기술중하나는비디오데이터를효율적으로처리하는방법이
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다. Semi-supervised Video Object Segmentation (semi-VOS)은이전프레임의

정보를 전파하여 현재 프레임에 대한 segmentation 마스크를 생성한다. 그러

나 이전 연구들은 모든 프레임을 동일하게 중요하다고 판단하고, 모델의 전

체 네트워크를 사용하여 매 프레임마다 해당 마스크를 생성한다. 이를 통해

물체모양의 변화나 물체가 가려지는 어려운 비디오에서도 정확한 마스크를

생성할 수 있으나, 물체가 움직이지 않거나 느리게 움직여서 프레임 간 변화

가 거의 없는 경우에는 불필요한 계산이 발생한다. 제안된 방법은 temporal

information을사용하여물체의움직임정도를측정한뒤,변화가미비하다면

무거운 마스크 생성 단계를 생략한다. 이를 실현하기 위해 프레임 간의 변화

량을 측정하고 프레임 간의 유사성에 따라 경로를 (전체 네트워크 계산 또는

이전 프레임 결과를 재사용) 결정하는 새로운 동적 네트워크를 제안한다. 제

안된방법은다양한 semi-VOS데이터셋에 (DAVIS 16, DAVIS 17및YouTube-

VOS)대해정확도저하없이추론속도를크게향상시킨다.또한우리의접근

방식은다양한 semi-VOS방법에적용가능함을실험적으로증명한다.

주요어: 2차원 세그멘테이션, 이미지 세그멘테이션, 경량화 세그멘테이

션,비디오물체세그멘테이션,준감독비디오물체세그멘테이션,비디오물

체추적,딥러닝

학번: 2016-30731
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감사의글

드디어긴박사과정을마칠수있게되었습니다.논문작업을마치면서그

동안 많은 도움을 주셨던 많은 분들과의 추억을 새벽 감성이 충만할 때 다시

한번떠올려봅니다.

먼저 존경하는 지도교수님 곽노준 교수님께 감사의 인사를 드립니다. 교

수님을 처음 뵈러 갔던 2015년 바로 어제 같은데 어느새 2021년이 되어 졸

업을 하게 되었습니다. 당시에 많이 부족한 학생이였으나, 저의 믿어주시고

기회를주셔서정말감사합니다.아직도실수가많고부족한저이지만부끄러

운제자가되지않도록하루하루충실히살아가겠습니다.

다음으로,학위논문심사를허락해주신박재흥교수님,서봉원교수님,이

민식 교수님 그리고 최상일 교수님들께 감사를 드립니다. 긴 시간 동안 논문

심사를해주시고,귀중한조언을해주셔서저의졸업논문이더욱풍부해질수

있었습니다. 또한, 코로나 때문에 비대면으로 심사하게 되어 죄송스러운 마

음과아쉬움이남습니다.교수님들의성함에부끄럽지않도록앞으로도좋은

연구자가되어살아가겠습니다.

함께해 준 가족들에게 정말 감사한마음을 표현하고 싶습니다. 특히 항상

묵묵히 저를 도와주신 어머니께 이 영광을 드리고 싶습니다. 언제나 건강하

시길 빌며 이제는 제가 호강시켜드리겠습니다. 또한 이번에 집을 리모델링

하느라 고생하신 아버지께도 감사함을 표현합니다. 그리고 인생의 친구이자
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동지인제동생수영이에게도감사한말을전합니다.덕분에미국기업에지원

하는방법을배울수있었고,매번바쁜와중에도메일과비자서류를봐주었기

때문에취업할수있었습니다.가끔너무바빠서아픈경우가있어걱정이됩

니다.남은한해더건강하고좋은일만생기길기원합니다.어쩌다보니너랑

함께 비슷한 시기에 졸업을 하고 사회로 나가는 구나. 앞으로도 제발 고생해

라. Jia, I am really happy to know you. It is a hard period in your career, but I

am sure you can win. Also, thanks for the lovely birds.

많은 시간을 함께하였던 연구실 사람들께 감사한 말씀을 드리고 싶습니

다.처음연구실을들어갈때따뜻하게맞이해주신오지용박사님,지은언니,

혜민언니, 혁진오빠께 감사합니다. 연구실 적응에 크게 도움이 되었고 함께

커피를 마신 시간이 정신건강에 매우 도움이 되었습니다. 특히 어쩌다보니

석사와 박사 학연을 계속 이어가게 된 성헌오빠에게 특히 더 감사의 말을 드

리고싶으며,결혼을축하드립니다.다음으로연구실초창기때부터함께해온

황지혜선배님,이번에졸업논문관련해서많은자료를주시고도움을주셔서

정말감사합니다.또한이번에 ICCV에논문이통과된김지수에게도감사한

마음과축하를보냅니다.두분의행복한결혼생활을항상기원합니다.새로운

권력자 랩짱님 호준이에게도 즉위를 축하하며 그동안 고마웠습니다. 그리고

조원민선배님,김대식선배님,이상국선배님,권지훈선배님,규정오빠,경민

오빠,승의오빠,규태,준영이,성준이,용수,명기모두감사합니다.

계속하여함께졸업을하게된김선훈님,지수,재영이,한열이에게도감사

한마음과졸업축하를표현하고싶습니다.퀄컴팀에 CV를전해준정지수에

게특히감사하며퀄컴에서지수처럼잘하도록저도노력하겠습니다.최근에

결혼한 재영이게도 행복한 결혼생활을 기원하며, Nvidia로 가게된 한열이에

게도 축하를 보냅니다. 마지막으로 Naver에서 인턴을 할때 차에 태워주셔서

정말 감사했습니다 선훈님! 이제 우리 모두 떠나지만 언젠가 또 다시 만나게

되길기원합니다.



긴 시간을 함께한 큰방분들께도 감사의 마음을 전합니다. 일전에 추천서

를써주신황영규선배님께감사하며,퀄컴지원할때질문을받아주신시명형

님 정말 감사했습니다. 취업 관련해서 많은 말씀 해주신 정현형님, 고오오급

커피에 대해 알려주신 쌤형님 모두 감사합니다. 민성오빠, 군으로 돌아가신

동석오빠에게도 감사한 마음을 드리며 항상 가정내 행복한 일이 가득하길

기원하겠습니다. C3 논문을 도와 준 건석아, 고생만 시키고 결국 논문이 되

지 않아서 항상 미안하다. CVPR 논문을 함께 준비한 서형이, 자연이 덕분에

졸업을 할 수 있었습니다. 특히 ACCESS 논문까지 도와준 자연이에게 이제

자유를돌려드립니다.긴시간을함께하며여러가지조언을해주며함께술을

제일많이마셔준재석이성욱이에게정말감사합니다.덕분에제정신건강을

지켰습니다. 또한 함께 수다를 많이 떨어준 장호에게도 감사하며, 앞으로도

좋은 커리어를 이어가길 기원합니다. 종심 끝난 날 같이 놀아준 인섭이와 술

에 대해 알려준 송선생님. 선생님 그날 좋은 것을 많이 배웠습니다. 그리고

이번에코로나때문에고생한인섭이가다시건강해져서다행입니다.상호도

항상건강잘챙기고,이번에졸업및취업준비가잘되면좋겠습니다.저를종

종잘챙겨준주경이게도고마우며패션센스가좋아서부럽습니다.신혼부부

같은 기윤이, 지호 가끔 질문 받아줘서 정말 고맙고 둘의 좋은 습관을 짧게

라도 배울 수 있어서 좋았습니다. 또한 새로 들어온 승현이, 동훈이, 준후도

앞으로도건강하고잘지내길기원합니다.뛰어난후배님들이많이들어와서

저도더발전할수있었고,연구실의미래가더욱밝다는것을확신합니다.

KAIST생활에서만난인연들모두에게감사함을전하고싶습니다.개인

적으론그생활이너무힘들었는데,덕분에버틸수있었습니다.연구실생활

을많이도와주신수원오빠에게특히감사하다는말을하고싶습니다.그리고

철웅이 준우도 연락을 먼저 주어서 고맙다. 담에 취업턱 낸다. 또한 힘들 때

함께해준 한벗에게도 정말 고마웠습니다. 징징징 할때마다 묵묵히 들어주고

용기를 주었습니다. 그리미주아 생활을 할 때도 많은 대화를 해준 진석이 덕



분에동아리생활을할수있었습니다.같은과진용오빠,용섭오빠,현철오빠

에게도감사의마음을전합니다.마지막으로석사동기인석주,상훈이.힘들

때바쁜시간내줘서이야기도해주고,수업못따라가는걸도와줘서정말고

마웠어.그리고최유경교수님을소개시켜줘서너무고맙다석주야.최교수님

귀중한시간을내주시고상담을해주셔서정말감사합니다.앞으로도제선택

에용기를내서커리어를이어나가겠습니다.

저의 커리어 발전에 도움을 준 네이버에서 만난 인연 모두에게 감사함을

표현하고싶습니다.긴시간동안많은논문을함께쓰며저의두번째지도교

수같으신 영준님. 덕분에 이렇게 발전할 수 있었습니다. 그리고 아카이브에

논문을 먼저 올리라고 조언해주신 동윤님. 덕분에 제가 좋은 커리어 기회를

잡을수있었습니다.상두님,민호님,병호님,성준님,상혁님,재준님,영정님,

윤제님,준석이훌륭한연구자들을곁에서볼수있어영광이였습니다.

Finally, I appreciate my international friends and manager Ganesh. Justin,

It is a great time to live and talk with you. All the best for your Ph.D. My
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