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Optimisation opportunities

x 5Ly

m X is a set of three dimensional matrices, X' C [0, 1]™*™*3
m ) is a set of three dimensional matrices, ) C C"*™, where C
is the set, that can be tailored to the specific needs, but
generally somehow represents a collection of classes
» C=1{1,2,...,C}, where C is the number of classes
» C ={e1,e,...,ec}, where C is the number of classes and ¢; is
a one-hot vector with 1 at position i
» C={ey,e,....,ec}U[0,1]3
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Problem description

Optimisation usually consists of variants of minimizing sum of
pixel-wise cross entropy with your favorite first order method

N
Smin S5 CE, (7). 1)

i=1 p

where p goes through all pixels
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Obvious optimisation opportunities

Instead of blindly playing with architectures, one can play with
regularization

m Border smoothness
m Number of connected regions
m Any possible intuition about the desired result
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Research horizons

Data from 2017 survey [2]

Namé and Referénce Purpose ] Yaar | Data mence | Synthetie/ Real |

PASCAT. VOU 2012 Segmentafion [27] Generic 7 x T K]
PASCAL-Context [25] Generic x R
PASCAL-Part [29] Generic-Part x R
SBD [30] Generic x R
Microsoft COCO [31] Generic x R
SYNTHIA [32] Urban (Driving) x s
Sitycapes (ine) (33 Urban v R
yscapes (eoarse) [33] Urban v R
v 134] Urban (Driving) v R
CamVid-Stu 5] Urban (Driving) v R
KITTLLayout [36] [37] Urban/ Driving x R
3] Urban/Driving x R
ing (39 Urban,/Driving, x R
sunmxd back;,wund 140] Outdoor x R
Outdoor x R
vm..wmemjm 2] Objects v R
Adobe’s Portrait Segmentation [26] Portrait x R
MINC [33] Materials x R
DAVIS [44] [45] Generic v R
AU L] Indoor. x R
D [47] Indoor. v R
SONRORD (1 x R
RGED Object Dataset 49 Household objects 610 x 180 v R
ShapeNet Part [50] Obect/ Part 3D, N/A x s
Stanford 2D-3D-5 [51] Indoor 2017 | 13 | 20/25D/3D | 1080 1080 [ v R
Mesh [52] Object/Part | 2009 | 19 3D N/A x s
Sydney Urban Objects Dataset [53] Urban (Objects) | 2013 | 26 3D N/A x R
Large-Scale Point Cloud Classification Benchmark [54] | Urban/Nature | 2016 | '8 3D N/A x R
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Research horizons

Fully Convolufional Network [65]
Net

SegNet [66]
Bayesian SegNet [67]
DecpLab [65] [69]
MINC-CNN [43]
CRFa<RNN [70]
Dizion 71

Mt ‘nI»L i Raj [73]
NN Figen 74

frievote Roy

Mool NN o (7]

m LSTM [w]

1]
DAG RN 2]
10]
n«pun.x )
Sha
Aiubaae 141
Huang 3DCNN [86]
PointNet [87]
Chdont Convee 5]

Endabed Vooe 5]

VCGT6(FCN)
16 + Decoder

VG

SegNet
VGG-16/ResNet-101
GoogLeNet(FCN)
FON-Ss
VGG
ENet bottieneck
VGG60CN)

Custom
Multi-scale-CNN-Eigen
FCN

+ ReNet
Fast ROR DecpMask
MDRNN
MDRNN
Elman network
R-CNN + Box CNN
VGG-A
pMas!
Fast RCNN + DecpMask
Own 3DCNN
Own MLP-based
FON

Own 3DCNN
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[ Source Code

Contribution(s)

R N N Y

Multscale squentisl rfnement
Multi-scale refine
h\dcpcndmtlv erined mulf cale FCNs
Global context feature fusion
Extension of ReNet to semantic segmentation
Fusion of contextual information from mulfiple sources
age context modellin
Difent It o, imago conest
Grsphimagesructurs f onfext madieling
Shimultaneous detectio m and segmentaion
Proposal geneation fr egmeriation
efinement ol
Multi p'\lh ntormaion o through network
N for voxelized point clouds
Suhmemanun of unordered point sets
Clocowork schedulig for sequences
3D convoluions and graph cut for  equences
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Research horizons

Notable detail - architectures are often modular, significant parts
are just borrowed from classification context
m Is it worth to consider architecture search over vast blocks
instead of individual weights/layers?
m Focus computational resources on connecting structures
m Even simple automatisation of exhaustive search over large
architecture blocks can be beneficial, considering the plethora
of existing results (more of a commercial opportunity;
TensorFlow might already include the functionality)
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SegNet [1], 2016

m Specifically for pixel-wise segmentation, initial intended use
for road/roadside segmentation

m Novel encoder-decoder architecture (at the time)

m Very simple method overall
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SegNet, 2016

m Encoder is VGG16 without dense layers

m Decoder uses saved indices from max-pooling with subsequent
convolutions to restore the original size

m Removal of dense layers allows to literally use the CE pixel
sum objective without resorting to training on separate regions

m Modular structure of the network allows for a more detailed
analysis of decoder structure
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RefineNet [3], 2017

m SegNet, although attempting to restore image information
during decoding, still loses some of it

m As mentioned, one way to try and improve the quality of the
segmentation regions is maybe an addition of informed
regularisation

m Another way is to make an informed choice of the
architecture, trying to save low/mid/high level feature
information along all levels of processing
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RefineNet, 2017

m ResNet convolutional architecture is motivated by lowering
computational resources requirements

m Dilated convolution saves the resolution of an image, but still
requires storage of large amounts of filter application results

m We want the benefit of both without disadvatages of any
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CANet [4], 2019

m Having architecture, that is empirically proven to be good is
still not enough

m Sometimes the problem comes from class under-representation
in data

m This can be argued to be an even more serious problem, than
searching for architectures
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CANet, 2018

We will modify the initial formulation through change in X

Now X is a set of triplets of three dimensional matrices,
(xT,xs, Bs), where we want to obtain a segmentation of
image x1 and xs serves as "support” image, with Bs being its
binary segmentation mask

Value of the support image comes from the fact, that it can be
taken from underrepresented class and, combined with input,
still achieve good segmentation result on barely seen classes

For ), we are only concerned with segmentation of a single
object, so just a binary mask
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CANet, 2018

m Aside from the change in the problem formulation, significant
parts of the architecture are borrowed

m ASPP is a module from DeeplLabV3, which serves the same
purpose as structure of RefineNet

m Only further supports the idea about "large scale”
architecture search
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Automatic Data Augmentation [5], 2019

m Paper, again, deals with the issue of insufficient data for
training
m Considered case is video with sparsely annotated frames

m Proposed solution is to use video prediction tools to
simultaneously predict frames and labels
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Automatic Data Augmentation, 2019

m Obvious idea - use existing frame prediction methods to
predict future frames and apply the result on labels

m Particular implementation predicts (u, v) translation of the
pixel in the frame and then applies this translation to
corresponding label pixel

m Since we have access to all frames, we then pair known frames
and label prediction

m Approach encounters some problems
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Automatic Data Augmentation, 2019

m Solution - pair predicted labels with predicted frames

m Predicted frames might be incorrect, but labeling will be more
in line with them, which is our goal, when augmenting a data
set

m We can even condition our predictive model on future frames,
since the only information, that we don't have is label
assignment; turns prediction into reconstruction
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Automatic Data Augmentation, 2019

m Still, if want to construct labels even for several frames into
the future, we need to deal with severe artifacts of the
prediction model

m Proposed solution - instead of maximising a probability of one
class for pixels, which are placed on the border between
objects, we will maximise the joint probability of labels,
corresponding to these classes

m Surprisingly, paper shows, that this helps, which allows
authors to use up to 5 frames into past and future, effectively
multiplying the size of the data set by 10
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