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Introduction

Context information plays an indispensable role in the success of semantic segmentation
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Introduction
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Non-local attention based methods become the main stream of semantic segmentation.
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Introduction
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Spatial or channel attention? A dilemma in Non-local self-attention based approaches.
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Introduction

Position Attention Module
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Architecture of DANet [1], which contains 2 stream of non-local attentions.
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Introduction

Can we obtain spatial and channel attention simultaneously?

> Better context representation.
» Smaller computational cost.
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Our Proposed RecoNet

Tensor Reconstruction Network (RecoNet).
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(a)Input Image (b)Tensor Generation Module(TGM) (c)Tensor Reconstruction Module(TRM) (d)Final Prediction

The pipeline of our framework. Two major components are involved, Tensor Generation Module (TGM) and
Tensor Reconstruction Module (TRM). TGM peroforms the low-rank tensor generation while TRM achieves the
high-rank tensor reconstruction via CP construction theory.

23-28 AUGUST 2020

8/15



Our Proposed RecoNet

Tensor canonical-polyadic decomposition (CP decomposition).

Assuming we have 3r vectors in C/H/W directions v.; € REX1X1 y,. € RIXHX1 gnd

Vi € RIXIXW ‘where i € r and r is the tensor rank. These vectors are the CP decomposed
fragments of A € RE*H*W then tensor CP rank-r reconstruction is defined as:

A= Z)\ivci Q Vi @ Vyi, (1)

i=1
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Tensor Generation Module

Input Feature
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Tensor Generation Module. Channel Pool, Height Pool and Width Pool are all global average pooling.
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Tensor Reconstruction Module
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Tensor Reconstruction Module (TRM). The pipeline of TRM consists of two main steps, sub-attention map
generation and global context reconstruction. The processing from top to bottom (see ) indicates the
sub-attention map generation from three dimensions (channel / height / width). The processing from left to right
(seeA; +A> + --- + A, = A ) denotes the global context reconstruction from low-rank to high-rank.
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Visualization
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Results on PASCAL-VOC12 w/o COCO-pretrained model

FCN[2] PSPNet[3] EncNet[4] APCNet[5] CFNet[6] DMNet[7] RecoNet

aero 76.8 91.8 94.1 95.8 95.7 96.1 93.7
bike 34.2 71.9 69.2 75.8 71.9 77.3 66.3
bird 68.9 94.7 96.3 84.5 95.0 94.1 95.6
boat 49.4 71.2 76.7 76.0 76.3 72.8 72.8
bottle 60.3 75.8 86.2 80.6 82.8 78.1 87.4
bus 75.3 95.2 96.3 96.9 94.8 97.1 94.5
car 74.7 89.9 90.7 90.0 90.0 92.7 92.6
cat 77.6 95.9 94.2 96.0 95.9 96.4 96.5
chair 21.4 39.3 38.8 42.0 37.1 39.8 48.4
cow 62.5 90.7 90.7 93.7 92.6 91.4 94.5
table 46.8 7.7 73.3 75.4 73.0 75.5 76.6
dog 71.8 90.5 90.0 91.6 93.4 92.7 94.4
horse 63.9 94.5 92.5 95.0 94.6 95.8 95.9
mbike 76.5 88.8 88.8 90.5 89.6 91.0 93.8
person 73.9 89.6 87.9 89.3 88.4 90.3 90.4
plant 45.2 72.8 68.7 75.8 74.9 76.6 78.1
sheep 72.4 89.6 92.6 92.8 95.2 94.1 93.6
sofa 37.4 64 59.0 61.9 63.2 62.1 63.4
train 70.9 85.1 86.4 88.9 89.7 85.5 88.6
tv 55.1 76.3 73.4 79.6 78.2 77.6 83.1
mloU 62.2 82.6 82.9 84.2 84.2 84.4 85.6
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Computational Cost

14/15

Table: Computational cost and GPU occupation of TGM+TRM. FLOPs (FLoating point Operations).

We use tensor rank r = 64 for evaluation

Method Channel FLOPs  GPU Memory
Non-Local [8] 512 19.33G 88.00MB
APCNEet [5] 512 8.98G 193.10MB
RCCA [9] 512 5.37G 41.33MB
A%Net [10] 512 4.30G 25.00MB
AFNB [11] 512 2.62G 25.93MB
LatentGNN [12] 512 2.58G 44.69MB
EMAUniIt [13] 512 2.42G 24.12MB
TGM+TRM 512 0.0215G 8.31MB
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Contact

Thanks for watching!
Please feel free to contact with me.

E-mail: 1155137828@link.cuhk.edu.hk
WeChat: ChenWanLi11410579
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