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Introduction



Introduction

» General Pipeline of Object Recognition:
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CNNs: Convolutional Neural Networks; ViTs: Vision Transformers
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» Modern networks: focus on the improvements of the token mixer
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Introduction

» Comparisons of Token Mixers:

Token Mixers Computational Cost | #Params

0() Input Global Relative
dependent receptive positions
weight field
Depthwise k2HWd,, k2d. X X \/ 2D input
Convolution linear
——————————— . ' H2Wz2d,, + HWd?, 4d,,2 Flatten input
| High resolution ' Self Atte_n—tlc_)[I ________ quadratic m \/ \/ X P
| > Hugecosts 1
Spatial MLP Hawzd,, H2W2 X v X
quadratic
Window Self-  HWw2d,, + HWd?, 4d,? V4 X v
Attention linear

| J

w: window size, k: kernel size |
H, W, d,,: Height, Width, and #channels Unified all properties — better performance
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Efficient Multi-Scale Spatial
Interactions (EMSNet)

Motivation

Proposed EMSNet

t Experimental Results




Motivation

» Single-scale Spatial Interaction (SSI) versus Multi-scale Spatial Interactions (MSI):
=

Q PE4_1-4_4
PE4

E3_1—3_4

AR : ““-n}MSI
| . ]/ / ./ "‘4_1-2_4
- PE2
y
y
A

AT -
SSI
L L

A y tPE1 y 1 PE1_1-1.4

(a) Columnar model with SSI (b) Pyramid model with SSI (c) Pyramid model with MSI
- Vision Transformer - ResNet, ConvNext, PvT, Swin - EMS (Ours)

— Extend feature learning from single-scale to multi-scale interactions
— Capture multiple views of the input
PE: Patch Embedding
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Proposed Networks

» Overview of EMSNet:
/" Stagel v /" Stage2 ™ 7 Stage3 v/ Staged
[, i:vr| [ i:vr, i
T Multi-scale Channel : boley Multi-scale Channel] rlen Multi-scale Channel : Bk ; Multi-scale| Channel :
Images > ™ Spatial MLP E-Lal T Spatial MLP < G Spatial MLP AL = Spatial MLP ,
: 5 Interaction Interacﬂon : : ﬁ Interaction ImeractionJ e g Interaction Interactlon : : E Interaction | Interaction |
3IxHxW. [~ Ly LB b LR = :
" L, x EMS Block Y L> x EMS Block o L3 x EMS Block i L4 x EMS Block )
7 w g w g w H w
Ci X — X — Cy X — X — Cs X — X — Cy X — X —
4 4 8 8 16 16 32 32

v PE1_1-1_4: 4 patch embeddings with different scales
v' Channel MLP (Multi-Layer Perceptron) Interaction:

« 2 Fully Connected Layers
H, W, C: Height, Width, and number of channels
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Proposed Networks

_______________________________

tokens to its neighborhood
* Implemented by transposed convolution
v G-MHSA: Global Multi-Head Self-Attention: capture
global features
* Adopt G-MHSA from ViT model
v C-MHSA: Convolution-based Multi-Head Self-Attention

E A 4 T~ v
E 1 x 1conv Fusion
: vo

________________________

Stafic operators

Fusion

OfXHiXW@
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Proposed Networks

» Convolution-based Multi-Head Self-Attenion (C-MHSA):
M

Cy x (K « k?  h)

H W
il IR 3 Hy W
2X2><Cll hox 2L g2
> DWConv —>®—> Reshape—— 0 [ #?
Attention map
k2
Hy «W C
N sz . DX k2 X —
Il‘lpllt (Cl *k2) 5 (Cl *k2) 4 h
® > Fold
Cl XH1 XWl c I —
H+ x W 1 X4 X Wy
Lo ]"><;!<:2><c;'1lv HyxWy 5 O
4 X ——— R K= Output
—>(Unfold —>®—> Reshape

M, N: learnable matrices
k: kernel size
h: number of heads
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Proposed Networks

» EMSNet Variants:
» Stack more blocks in stage 3 inspired by EdgeViT, Swin Transformer

m [C,, C,, Cs, C4] L, Ly, Ls, L] MLP ratio | GFLOPs | #param (M)

EMSNet-XXTiny [32, 64, 128, 192] 2,2, 4, 2] 8, 8, 4, 4]
EMSNet-XTiny [32, 64, 96, 128] 3, 3, 10, 2] 8, 8, 4, 4] 0.7 3.0
EMSNet-Tiny [64, 96, 128, 256] 3, 3, 10, 2] 8, 8, 4, 4] 1.9 5.4
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Experimental Setup

» Image Classification:
» Dataset: ImageNet 1K (1 2M trammg and 5OK valldatlon |mages W|th 1K classes)

e

rh'r v -"—'-r-'i._.—_.. A
.I' """',,.#- - * — |

» Configurations:
» Epochs: 300, Batch size: 512
» Optimizer: Adam
» Learning rate: 1e3
» Image size: 224x224
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Image Classification Results

» Comparison with lightweight networks:

MobileViTv1-XXS
MobileViTv2-0.5
PVTv2-B0O
MobileViTv3-0.5
ResNet-18
TNT-Ti
EdgeViT-XXS
Swin-0.7G
PVTv1-T
PoolFormerS12
ParC-Net-S
EMSNet-XXTiny
EMSNet-XTiny
EMSNet-Tiny
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Hybrid
Hybrid
Hybrid
Conv
Attn
Hybrid
Attn
Attn
Hybrid
Conv
Hybrid
Hybrid
Hybrid

2562
2562
2242
2562
2242
2242
2562
2242
2242
2242
2562
2242
2242
2242

1.4
3.7
1.4
11.7
6.1
4.1
4.4
13.2
11.9
5.0
2.5
3.0
5.4

16

0.5
0.6
0.5
1.8
1.4
0.6
0.7
1.9
1.8
3.5
0.5
0.7
1.9

69.0
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70.5
/2.3
69.8
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74.4
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Experimental Setup

» Object Detection and Instance Segmentation:
» Dataset: MS-COCO

» 115K training images, 5K validation images with 80 categories

» Baseline detectors: RetinaNet and Mask R-CNN
» Replace backbone ResNet-50 with pretrained EMSNet
» Neck, Head is kept same as baseline

» Configurations:
» Epochs: 12, Batch size: 4
» Optimizer: Adam
» Learning rate: 1e
» Image size: 1333x800

Common Objects in Context P
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Object Detection and Instance Segmentation Results

» Object Detection with RetinaNet:

(M)

» Instance Segmentation with Mask R-CNN:

(M)

ResNet-18 21.3 188.7 317 496 334 ResNet-18 31.2 51.0 327
ResNet-50 37.7 250.3 36.3 554 391 ResNet-50 (baseline) 44 260 34.4 55.1 36.7
(baseline)
PVTv1-T 33 208 35.1 57.6 37.3
PVTv1-T 23.0 183.3 366 56.6 38.8
PVTv2-BO 13.0 160.4 371 572 39.2
, EMSNet-XTiny 23 186 371 58.5 40.0
EdgeViT-XXS 13.7 162.2 38.7 59.0 41.0
. EMSNet-Tiny 25 209 39.0 621 419
EMSNet-XXTiny 11.7 162.1 37.3 573 394
EMSNet-XTiny 12.4 167.9 39.0 591 414
EMSNet-Tiny 14.7 190.3 412 61.3 44.2

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
| PVTv2-BO 24 179 36.2 57.8 38.6
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
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Ablation Study

» Importance of each component in EMS Block:

#param (M) | GFLOPs | Top-1 ()

Baseline 2.09 0.48 70.2
Static branch +Mean 2.24 0.51 70.5
+CoordDW w/ patch size=2 2.41 0.53 70.9
+CoordDWw/patch size=4 2.38 0.53 71.1
+Gated Aggregation 2.68 0.59 71.9
+C-MHSA 3.10 0.55 72.7
Dynamic branch |5 pHsA 2.56 0.54 73.1
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Comparison with Other Token Mixers

» Latency comparison:
» CPU: Intel(R) Xeon(R) Gold 5220R@2.20GHz
» GPU: Tesla V100 32GB

“ e -~ —7 (mS) -

PVTv2-B0O Spatial Reduction Attention 67.3 0.46 70.5
Swin-0.7G Window+Shifted Attention 4.4 0.7 67.3 0.76 4.4
ConvNeXt-XT 7x7 Depthwise Convolution 4.4 0.7 37.6 0.78 751
HaloNet Local Attention 4.4 0.7 83.7 1.03 75.8
EMSNet-XTiny Ours 3.0 0.7 70.3 0.57 771
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Investigation of EMSNet

» Amplitude Spectrum:

1-st layer 5-th layer 10-th layer 15-th layer 20-th layer last layer

v Tend to weaken high-
frequency component

(a) ViT-T

v Tend to enhance high-
0 . . frequency component

(b) ConvNext-T

v" Tend to balance the range
of frequencies

(c) EMS-T (Ours)
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Mixing Abstract Tokens
(MAT Transformers)

Bottleneck of Swin Transformer

Proposed MAT

e Experimental Results



Bottleneck of Swin Transformer

» Drawback of Swin Transformer:

Layer | Layer 1+1
A local window to
perform self-attention
—
A patch
Non-overlapped windows Shifted windows
'® Locality | @ Cross-window connections
. M Added relative positions Slightly expanding receptive field
Limited receptive fields ' X Inefficient implementation: torch.roll()

_________________________________________

deep learning frameworks: ONNX, NVIDIA
Tensor RT, Torchscript

Swin Transformer: Hierarchical Vision Transformer using Shifted Windows, ICCV 2019
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Proposed MAT Block

» Mixing Abstract Tokens (MAT):

emmmmmmmmm e : T
’ i \ Q Image tokens
: > Window +
E K | Abstract
1 v Multi-h.ead Wandow
»| Attention
. _
G Window
merged with
r = 1 abstract token

Abstract tokens

Mixed tokens

) |  Token Merging | Token Abstraction | Mixing Abstract Tokens | Token Fusion ]
(a) MAT Block (b) MAT Attention
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Proposed MAT Block

» The role of abtract token:
» Learnable and a bridge between non-overlapped windows

» Capturing the information of each window by a weighted sum of all tokens in each
window via query-key matrix multiplication

wr I (]

image token

key/value

merged window 1 " merged window 2 merged window 3
(¢) Token Abstraction

1
| v/ Help to exchange information across windows i

m) | v Directly result in global information !
. 1

i v/ #windows are small — Low cost :

(d) Mixing Abstract Tokens
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Proposed MAT Transformer

» Overall architecture of MAT Transformer:
» Stem Block: two successive 3x3 convolution with stride 2

[ Stem Block ]

» Bilinear PE (Patch Embedding): sample relevant regions of input feature based on
learned offsets and grid of pixel locations

offsets d Jd point
X ¢ ROXHxW—> ---,@?E’?f L ¥y
bilinear

interpolation

\ 4

BN, GELU()
2

1 x1 conv

rDWConv, stride 2

________________ L______:__;P g RH/QXW/2X2 shifted features

reference points
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MAT Transformer Configuration

» MAT block:

» Capture long-range dependencies from the input token
» Insert MAT blocks into stages (3, 4) — better trade-offs between accuracy and costs

%

2 3 4 MAT-1 2,2,6,6 12,24 0.389 6.714
Model 1 v v v v 789 0.783 10.874 MAT-2 32 2,2,6,6 8, 16 0.666 10.767
Model 2 x v v v 788 0.707 10.852 MAT-3 36 2,2,8,8 8, 16 1.042 17.008
Model 3 x x v v 790 0.666 10.767 MAT-4 48 3,3,8,8 12,24 1.933 29.057
Model 4 x x x v 785 0.568 9.767 MAT-5 64 2,2,8,8 16,32 3.156 50.108
Positions of MAT blocks Detailed configurations of 5 MAT Transformers
v" MAT blocks used in this stage « #dim: number of base channels and duplicated in the
X Only MLP is used next stage

* #blocks: number of stacked MAT blocks
* #heads: number of heads
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Experimental Setup - Image Classification

» Image Classification:
» Dataset: ImageNet-1K

» 1.2M training images, 50K validation images with 1K categories

» Configurations:
» Epochs: 300, Batch size: 4096
» Optimizer: Adam
» Learning rate: 1e3
» Image size: 224x224
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Image Classification Results

» CPU Latency:
» Device: CPU-Intel(R) Xeon(R) Gold 5220R@2.20GHz

82 - | | |
81.0 ' 81.9
80 4
-3- 78 .
o
>
[ &)
© 76 -
3
o
]
<
W 74 —8— MAT (Ours)
2 —#— Swin0.7G-T
72 —®— MobileViTv1l
—ii— MobileViTv2
—&— EdgeViT
70 A —9— PVTV2
—e— EMO

40 60 80 100 120 140 160 180
CPU Latency (ms)
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Experimental Setup - Object Detection, Instance Segmentation

» Object Detection and Instance Segmentation:
» Dataset: MS-COCO

» 115K training images, 5K validation images with 80 categories

» Baseline detectors: RetinaNet and Mask R-CNN

» Replace original backbone with pretrained MAT Transformers
» Neck, Head is kept same as baseline

» Configurations:
» Epochs: 12
» Batch size: 16 (RetinaNet, Mask R-CNN)
» Optimizer: Adam
» Learning rate: 1e
» Image size: 1333x800 (RetinaNet, Mask R-CNN)
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Object Detection and Instance Segmentation Results

» Baseline: RetinaNet » Baseline: Mask R-CNN

N O T
ResNet-18 189 31.8 ResNet-18 34.0 31.2
ResNet-50 38 250 36.3 ResNet-50 44 260 38.0 34.4
PVT-T 23 183 36.7 ResNet-101 63 336 404 36.4
PVTv2-BO 13 160 371 PVTv2-BO 23 196 38.2 36.2
PoolFormer-S12 22 207 36.2 PVT-T 33 208 36.7 35.1
EMO-2M 12 167 36.2 PVT-S 44 245 404 37.8
EMO-5M 15 207 38.9 PVT-M 64 302 42.0 39.0
PVT-S 34 167 40.4 PVT-L 81 364 42.9 39.5
LIT-S 39 178 41.6 LIT-S 48 324 42.0 39.1
Swin-T 38 273 41.5 Swin-T 48 264 42.2 39.1
MAT-2 (Ours) 18 164 38.1 MAT-2 (Ours) 29 182 394 36.7
MAT-3 (Ours) 25 172 39.6 MAT-3 (Ours) 35 190 41.2 38.1
MAT-4 (Ours) 37 191 41.9 MAT-4 (Ours) 47 209 43.2 39.6
MAT-5 (Ours) 58 217 42.8 MAT-5 (Ours) 68 235 43.8 40.0
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Experimental Setup - Semantic Segmentation

» Semantic Segmentation:
» Dataset: ADE20K

» 20K training images, 2K validation images

» Baseline segmentor: Semantic FPN
» Replace original backbone with pretrained MAT Transformers

|
%

» Neck, Head is kept same as baseline

» Configurations:
» lterations: 80K
» Batch size: 16
» Optimizer: Adam
» Learning rate: 2e+
» Image size: 512x512
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Semantic Segmentation Results

» Baseline: Semantic FPN

#param (M) GFLOPs mioU (%)

ResNet-50 (original)
ResNet-101

PVT-S

PVT-M

PVT-L

Swin-T

MAT-2 (Ours)
MAT-3 (Ours)
MAT-4 (Ours)
MAT-5 (Ours)

1)) UNIVERSITY OF ULSAN

48
28
48
65
32
13

19
31
52

33

183
260
161
219

283

182
98

107
127
154

36.7
38.8
39.8
41.6
421
41.5
40.0

41.9
43.3
44 1



Ablation Study

» MAT Attention and Bilinear Patch Embedding:
» Throughput is measured on one GPU Tesla V100 32GB

Top-1 Accuracy #param (M) GFLOPs Throughput
(images/second)

Pure MLP 58.4 5.699 0.461 10303
+Window Attention 76.9 7.802 0.659 4353
Token Mixer AT Attention (Ours) 79.0 10.767 0.666 4333
3x3 Conv, stride 2 78.7 11.107 0.703 4432
Patch Embed ;1 Merging 78.5 10.892 0.679 4944
Bilinear PE (Ours) 79.0 10.767 0.666 4333

11D 1) UNIVERSITY OF ULSAN 34 ISl ab



Qualitative Results: Mask R-CNN with MAT-2

r—'

R S i
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Partial Transformers
(PartialFormer)

Computation Redundancy

.

Proposed Partial Attention

t Experimental Results



Computation Redundancy

» Improvement of self-attention:

* * Query | key/value window e key/value point

v' These self-attentions: all queries attend to:
= all regions (a)
= down-sampled regions (b)
= |ocal windows (c, d)
= shifted windows (e)
— attention patterns have high similarities

(c) Window attention

v’ Partial attention:
« only foreground queries attend to relevant
regions
— reduce computation redundancy of query-
key interactions

(d) Cross-shaped window attention (e) Deformable attention (f) Partial attention (Ours)
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Computation Redundancy

» Observation - Visualization of trained DeiT model on ImageNet-1K
» Attention maps for foreground/background queries are almost the same

—»— DeiT-T -
0981 _4— partialFormer-B1
0.96 A
oy
. IC
e s € 0.94 —$
o n
T ]
C
‘0
. 8 0.92 -
B @
o
I g
£ 0.90
" : foreground queries
B M: background queries 0.88 1
Attention map Attention map
-4 =3 =2 ]

Block Index

v' Interacting each query with the full set of keys/values — suboptimal, computation redundancy

DeiT: Training data-efficient image transformers & distillation through attention, ICML 2021
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Proposed Partial Attention

» Token separation: seperate image tokens into foreground and background sets based on context scores
» Mean() + Sort() + Gather()

» Mixed Multi-Head Self-Attention (MMSA): fully capture informative features from foreground set
» Single-Query Attention (SQA): squeeze the information of the most background tokens
» Learnable token Q,: a bridge between to two sets

i N : number of image tokens

) i W Np : number of foreground tokens
o / J Q, [Mixed Multi - AU Np : number of paekgmmd tokens
i ,/ ' 1=~ Head Self- : ;// v+ d :number of input channels
: 1 - Nt M K7 VF | Attention L 1 ¢ no gradient
: i 1] i‘-:: S Lo M i shared QA ) :"_”g{' M —>: data flow
: L | 1= K
N: i |7 ! “| Sort I | Gather i > I B weiehts Y " P : an image token
: /] : 1 v : 1|
: 1 / | Nz 1 U Kg, Vg Single-Query 1 A
' | v /,’ »| Attention // " a token with high score
: y 117 Y : e
; & a Al EI a learnable token
v Ea - Vil L :
Input tokens Output
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Proposed Partial Attention

» Detailed structure of MMSA and SQA:

---------------------- A
Q 4 learnable tokens ‘. N (;u;put ?fl ’ /--Q[ B X d
I i i 1 <
' h : number of heads : < 8 : ) d\,;/ Np xd
' e : head expansion ratio Linear 1 : C>}<1annel MLP ]
. 7 : channel reduction ratio N;, < d T : -
: - s ; X
- e en. | Reshape ] [ Reshape |
! 7 A -
hXNFXNF .h><1><NB'"h
o [ MatrixMul | [ MarixMul |
1 1 ! ] A A
: IB:h :'--._.h‘ hXNFXNF hx]_)(NB 1 g
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(a) Mixed Multi-head Self-Attention (MMSA) (b) Single-Query Attention (SQA)
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Model Configuration

» Overall architecture of PartialFormer (Partial TransFormer): ; e
i A
H W H W H |4 H w ; MLP
Cx—x— 2C X — X — 3C X — X — 4C X — X — n X )
4 4 8 8 16 16 32 32 . [Layer Norm |
----------------- pmmmmmmemme e e emmmmm e . A
Stage 1 i Stage 2 ol Stage 3 vl e Stage 4 ! e
! & e A =1 ; ; A
2 . C e - v le . e . Lo
g Partitial ; Partitial | ¥ ; Partitial | » ; Partitial | ' ' |Partitial Attention
w Transformer g Transformer g_ Transformer [ g Transformer . - A
S Block |b [ Block |4 [ Block | ! |& Block |! ! [LayerNorm |
-~ e y | & =" i ki A
: N |6 h |6 h |& Vo D
3 X Ll :, Y X L2 .-' Y X L3 " % X L4 o : CPVT A

CPVT: learn local features implemented by 3x3 depthwise convolution

» Detailed configurations of five PartialFormers:

m——— foarem L STLoRs

PartialFormer-BO 2,2,6,6 2,4,8,16

PartialFormer-B1 32 2,2,6,6 2,4, 8,16 8.2 0.7
PartialFormer-B2 48 2,2,8,8 3,6, 12, 24 211 1.9
PartialFormer-B3 64 2,2,8,8 4,8, 16, 32 36.1 3.4
PartialFormer-B4 96 2,2,8,6 6, 12, 24, 48 64.5 6.8
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Experimental Setup - Image Classification

» Image Classification:
» Dataset: ImageNet-1K

» 1.2M training images, 50K validation images with 1K categories

» Configurations:
» Epochs: 300, Batch size: 4096
» Optimizer: Adam
» Learning rate: 1e3
» Image size: 224x224

I} {)1) UNIVERSITY OF ULSAN 42 l-?,;.ah



Image Classification Results

» Trade-off between accuracy and cost:

84 1
_____ - __—-ig
821
80 1
§ Ours
2 PVTv?2
> |
E - Swin
g EdgeViT
< 761 108
(|
g MOAT
. DAT
ResTv2
- DeiT
Focal
] ResNet
0 2 * ° i

GFLOPs
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Semantic Segmentation Results

» Comparison with other backbones:

Semantic FPN 80K UperNet 160K

#param(M) GFLOPs mloU #param(M) GFLOPs mloU
ResNet-50 (Original) 25.8 183 36.7 66.5 951 42.0
ResNet-101 (Original) 47.5 260 38.8 86.0 1029 43.8
PVT-S 28.2 161 39.8 — — —
PVT-M 48.0 219 41.6 — — —
Swin-T 31.9 182 41.5 59.9 945 44.5
Focal-T — — — 62.0 998 45.8
MixFormer-B3 — — — 44.0 880 44.5
DAT-T 32.0 198 42.6 60.0 957 45.5
Swin-S 53.2 274 45.2 81.0 1038 47.6
PartialFormer-B1 (Ours) 10.8 101 40.2 34.8 856 43.3
PartialFormer-B2 (Ours) 23.5 131 42.3 48.6 887 45.9
PartialFormer-B3 (Ours) 38.4 166 43.5 64.5 923 47.0
PartialFormer-B4 (Ours) 66.6 246 45.0 94.7 1005 48.3
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Object Detection and Instance Segmentation Results

» Baseline: RetinaNet and Mask R-CNN

#param(M)  GFLOPs APbox #param(M) GFLOPs APPbox APmask
ResNet-18 21 189 31.8 31 207 34.0 31.2
ResNet-50 38 250 36.3 44 260 38.0 34.4
ResNet-101 57 315 38.5 63 336 40.4 36.4
PVT-T 23 183 36.7 33 208 36.7 35.1
PVT-S 34 273 40.4 44 245 40.4 37.8
PVT-M 54 384 41.9 64 367 42.0 39.0
LIT-S 39 305 41.6 48 324 42.9 39.6
Swin-T 38 251 41.5 48 270 42.2 39.1
Twin-S 34 225 43.0 44 244 43.4 40.3
DAT-T 38 253 42.8 48 272 44 4 40.4
PartialFormer-B1 (Ours) 16 167 40.2 26 185 41.2 38.2
PartialFormer-B2 (Ours) 29 196 43.5 39 214 44 1 40.4
PartialFormer-B3 (Ours) 44 230 441 54 248 45.0 40.9
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Object Detection and Keypoint Detection

|
» Object detection: SSD ' Keypoint detection: SimpleBaseline

:
|
|

MobileViTv1-XXS 3202 19.9 : RSN-18 256x192 70.4
I

MobileViTv2-0.5 3202 0.9 2.0 21.2 : ResNet-50 (original) 256x192 5.5 34.0 71.8
I

MobileNetv3 3202 0.6 5.0 22.0 : ResNet-101 256x192 9.1 53.0 72.8
|

MobileNetv2 3202 0.8 4.3 22.1 : PVT-S 256x192 4.1 28.2 71.4
|

MobileNetv1 3202 1.3 5.1 22.2 : Swin-T 256x192 6.1 32.8 724

MobileViTv2-0.75 3202 1.8 3.6 24.6 : PartialFormer-B1 256%x192 1.7 9.8 70.6
I

ResNet-50 3202 20.2 22.9 25.2 : PartialFormer-B2 256%x192 2.9 23.0 72.7
|

PartialFormer-B0 3202 0.9 5.0 24.3 : PartialFormer-B3 256%x192 4.4 38.4 73.2
|

PartialFormer-B1 3202 1.5 8.0 271 |
:
|
|
I
I
|
:
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Conclusion

» Develop efficient vision Transformers for image classification and dense prediction
tasks

» Mitigate computational bottlenecks in Transformer encoder

» Enhance modeling ability of window self-attention

» Reduce computation redundancy in global self-attention

» The proposed methods can outperform other state-of-the-art methods in both accuracy
and speed

» Future works

» Make models smaller and faster for real-time application and deploying on
embedded devices

» Integrate additional information from other modalities (a pair of image+text) into

feature Iearning
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Thank you for your attention!
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Appendix
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Introduction

» Dominant Networks in Computer Vision: powered architectures ranging from AlexNet,
ResNet, ViT, to Swin, and all the modern vision backbones

W
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EMSNet - Mean()

» Elimination of global features for static branch:
» Tend to capture local feature

Amplitude Spectrum:

eliminate global
features

Input feature X
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EMSNet - Coordinate Conv

» Full capture semantic information of strip objects:

Coordinate Conv L= ' ] QHE .
. —

Common square

convolution
Type #params GFLOPs
Square 9 5
convolution k* x C k" xCxHxW
Ground truth
Coordinate
convolution 2k x C 2xkxCxHxW

Prediction w/square
convolution

Prediction w/coordinate
conv
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Detailed Visualization of EMS Block across Layers

Coord+Prop PEi:p=4 Static branch PE1p=4 C-MHSA+Prop G-MHSA+Prop Dy

!l!lllllll

¢

Ofofg
as

N°ﬂll
CIRIEIENES

v Static branch: DWConv, PE, CoordinateDWConv — high frequency components
v" Dynamic branch: G-MHSA — low frequency components
v Combine — balance the range of frequencies
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EMSNet - Addtional Results

TABLE |
ABLATION STUDY ON CHANNEL SPLITTING OF THE STATIC BRANCH

Channel ratios | #params (M) GFLOPs  Top-1

{1/4:1/2:1/4} 2.56 0.54 3.1

{1/2:1/4:1/4} 2.59 0.55 3.2

{1/4:1/4:1/2} 259 0.55 13.2
TABLE Il

LATENCY OF EACH OPERATOR IN THE EMS BLOCK

Branch Operations (*BZEI}} G E;ﬁmﬁ ((}HI;;J)I 1;0?2 )1

Baseline Identity() 209 048 33.2 0.24 70.2
Static branch CoordDW 268 059 43.6 0.41 71.9

Channel Splitting Dynaois: heanch +C-MHSA 3.EQ 0.55 454 0.39 T2
+G-MHSA | 256 054 50.1 0.43 73.1

wio fusion All 212 052 438 0.41 722
w/o channel splitting All 445 081 | 903 0.82 74.3
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Window shifting and sliding

Block b Block b + 1
>
vy, NOROVerlapped WIBOW = o eeeeeeeoenamnne Shifted Window . s : :
(c) Swin Transformer (d) Slide Attention

Information exchange s Test GPU Latency(ms) Top-1
Method across windows Implementation Mem. (MB) CPU GPU L (%)
Swin(baseline) window shifting torch.roll() 8880 67.3 0.76 44 0.7 74.4
HaloNet window sliding Unfold() & Padding 16934 83.7 1.03 44 0.7 75.8
MAT(Ours) mixing abstract token | Q,K,V Matrix Mul 8482 52.1(-15.2]) 0.23(-0.53)) | 10.8 0.7 | 79.0(+4.47)
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Accuracy & Memory Access - MAT

#param | Test GPU Latency(ms) Top-1
hctics oy OFLOPsL e, (MB)| [CPUT | GPUT | (%) 1
PVT-T 13.2 1.6 21236 74.79 0.55 75.1
PVT-S 24.5 3.8 21370 214.13  0.93 79.8
PVTv2-B0 3.4 0.6 14774 37.36 0.17 70.5
PVTv2-Bl 13.1 21 24370 90.10 0.32 78.7
PVTv2-B2 254 4.0 24424 164.20  0.55 82.0
Swin-0.7G 4.4 0.7 8880 67.30 0.76 74.4
Swin-1G 7.3 1.0 14926 78.37 0.37 103
Swin-2G 12.8 2.0 18060 118.61 0.45 19.2
Swin-T 28.3 4.5 24408 188.68  0.60 81.3
MAT-1 6.7 0.4 6604 40.71 0.19 76.3
MAT-2 10.8 0.7 8482 52.10 0.23 79.0
MAT-3 17.0 1.0 8996 $3.91 0.32 80.2
MAT-4 29.1 1.9 10812 120.35  0.47 81.0
MAT-5 50.1 3.2 13801 164.78  0.57 81.9
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Image Classification Results - MAT

» Comparison of MAT 1-3 and other efficent methods:

Image | #param FLOPs Top-1 Image | #param FLOPs Top-1
Size (M) (%) Size (M) (%)

MobileViTv1-XXS 2562 69.0 MobileFormer 2562 69.0
MobileViTv2-0.5 2562 1.4 0.5 70.2 VAN-BO 2562 1.4 0.5 70.2
EMO-1M 2242 1.3 0.3 71.5 LVT 2242 1.3 0.3 71.5
EfficientViT-M4 2242 8.8 0.3 74.3 Swin-1G 2242 8.8 0.3 74.3
EfficientViT-M5 2242 12.4 0.5 771 EMO-5M 2242 12.4 0.5 771
PVTv2-B0O 2242 3.7 0.6 70.5 DFvVT-S 2242 4.4 0.7 74.4
Swin-0.7G 2242 4.4 0.7 74 .4 MAT-1 (Ours) 2242 6.7 0.4 76.3
DFVT-T 2242 4.0 0.3 73.0 MAT-2 (Ours) 2242 10.8 0.7 79.0
MobileViTv1-XS 2562 2.3 1.0 74.8 MAT-3 (Ours) 2242 17.0 1.0 80.2
MobileViTv2-0.75 2562 2.9 1.0 75.6
EdgeViT-XXS 2562 4.1 0.6 74 .4
tiny-MOAT-0 2242 3.4 0.8 75.5
EMO-2M 2242 2.3 0.4 75.1
ConvNext-XT 2242 7.4 0.6 77.5

1 ID1) UNIVERSITY OF ULSAN 59 IS!ab

Sinen1998



Image Classification Results - MAT

» Comparison of MAT 4-5 and recent methods:

Image | #param FLOPs Top-1 Image | #param FLOPs Top-1
Size (M) (%) Size (M) (%)

PVT-T 2242 13.2 75.1 PoolFormer-S24 2242 21.3 80.3
tiny-MOAT-1 2242 5.1 1.2 78.3 ParC-Net-S 2562 5.0 3.5 78.6
ResT-Lite 2242 10.5 1.4 77.2 PVT-S 2242 24.5 3.8 79.8
ResT-Small 2242 13.7 1.9 79.6 ResT-Base 2242 30.3 4.3 81.6
EdgeViT-XS 2562 6.7 1.1 77.5 LITv1-Ti 2242 19.0 3.6 81.1
MobileViTv1-S 2562 5.6 2.0 78.4 LITv1-S 2242 27.0 4.1 81.5
MobileViTv2-1.0 2562 4.9 1.9 78.1 LITv2-S 2242 28.0 3.7 82.0
PoolFormer-S12 2242 11.9 1.8 77.2 ConvNeXt-T 2242 28.0 4.5 82.1
Slide-PVT-T 2242 12.2 2.0 78.0 Swin-T 2242 28.3 4.5 81.3
PVTv2-B1 2242 13.1 2.1 78.7 MAT-5 (Ours) 2242 50.1 3.2 81.9
Slide-PVTv2-B1 2242 13.0 2.2 79.5

Swin-2G 2242 12.8 2.0 79.2

MAT-4 (Ours) 2242 291 1.9 81.0
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Object Detection and Instance Segmentation Results

» Baseline: SSD [11]

1)) UNIVERSITY OF ULSAN

MobileViTv1-XXS
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MobileViTv2-0.75
MobileViTv1-S
MobileViTv2-1.25
EMO-5M
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Visualization of Attention Maps - MAT

» Earlier blocks: » Later blocks:
» abstract tokens — learn object boundaries » abstract tokens — capture key parts of objects
» mixing abstract tokens — larger regions » mixing abstract tokens — focus on target regions

Block 5 Block 7 Block 10 Block 11 Block 12
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Qualitative Results: Mask R-CNN with MAT-2
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Detailed Configurations of Five MAT Models

Stage Out | Layer Name MAT-1 MAT-2 MAT-3 MAT-4 MAT-5
3x3 conv, stride 2, 12 3x3 conv, stride 2, 16 3x3 conv, stride 2, 18 33 conv, stride 2, 24 33 conv, stride 2, 32
Stem 562 | Patch Embed 3x3 DWconv, stride 1, 12 3x3 DWconv, stride 1, 16 3x3 DWconv, stride 1, 18 3x3 DWconv, stride 1, 24 3x3 DWconv, stride 1, 32
33 conv, stride 2, 24 3x3 conv, stride 2, 32 3x3 conv, stride 2, 36 3x3 conv, stride 2, 48 3% 3 conv, stride 2, 64
Stage 1 | 562 | Pure MLP [MLP, exp=4] x2 [MLP, exp=4] x2 [MLP, exp=4] x2 [MLP, exp=4] %3 [MLP, exp=4] x2
3% 3 DWconv, stride 2, 24 3x3 DWconv, stride 2, 32 3x3 DWconv, stride 2, 36 3x3 DWconv, stride 2, 48 3x3 DWconv, stride 2, 64
Stage 2 982 Bilinear PE 1x1 conv, stride 1, 48 1x1 conv, stride 1, 64 1 x1 conv, stride 1, 72 1 x1 conv, stride 1, 96 1x1 conv, stride 1, 128
bilinear interpolation bilinear interpolation bilinear interpolation bilinear interpolation bilinear interpolation
Pure MLP [MLP, exp=4] x2 [MLP, exp=4] x2 [MLP, exp=4] x2 |MLP, exp=4] x3 [MLP, exp=4] x2
3x3 DWconv, stride 2, 48 3x3 DWconv, stride 2, 64 3x3 DWconv, stride 2, 72 3x3 DWconv, stride 2, 96 3x3 DWconv, stride 2, 128
Stage 3 | 142 Bilinear PE 1x1 conv, stride 1, 96 1 x1 conv, stride 1, 128 1x1 conv, stride 1, 144 1 x1 conv, stride 1, 192 1 <1 conv, stride 1, 256
& bilinear interpolation bilinear interpolation bilinear interpolation bilinear interpolation bilinear interpolation
. MATAttn h =12 <6 MATAttn h =28 %6 MATAttn h =28 % 8 MATAttn h =12 w8 MATAttn h =16 Y 8
’ MLP erp=4 MLP exp =4 MLP exp =4 MLP erp=4 MLP exp=4
3x3 DWconv, stride 2, 96 3x3 DWconvy, stride 2, 128 3x3 DWconv, stride 2, 144 3x3 DWconv, stride 2, 192 3x3 DWconv, stride 2, 256
Stage 4 72 Bilinear PE 1x1 conv, stride 1, 192 1 x1 conv, stride 1, 256 1x1 conv, stride 1, 288 1 x1 conv, stride 1, 384 1x1 conv, stride 1, 512
bilinear interpolation bilinear interpolation bilinear interpolation bilinear interpolation bilinear interpolation
Transformer MATAttn h =24 « 6 MATAttn h =16 % 6 MATAttn h =16 % 8 MATAttn h =24 « 8 MATAttn h =32 « 8
MLP erp=4 MLP exp =4 MLP exp =4 MLP erp=4 MLP exp =4
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PartialFormer - Cosine Similarity

.

i Attention(Q , K

= softmax(

QKT
Van/h"

N

!

)

1)) UNIVERSITY OF ULSAN

a,1:
I

___________________________

okl | akl kY
@kl | @kt gk
ki | @sk; gkl
il | gl i

65

a;,a; 5
sitmilarity = ( i/ 0 F£J

lailly * lla;ll,

Attention map
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PartialFormer - Cosine Similarity

1.0 — peiTT
—#— DeiT-T w/partial attention
0.8
>
©
=
n 0.6 1
e}
[ =t
©m
o
)
S 0.4 1
i
g
I
0.2
0.0 I I I I I I
0 2 4 6 8 10
Block Index
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Image Classification Results - PartialFormer

» PartialFormer B0-B2 and recent methodS'
Mmm mmm

MobileViTv1-XXS 2562 1.3M 69.0 PVT-T 2242 13.0 75.1
MobileViTv2-0.5 2562 0.5 1.4M 70.2 Slide-PVT-T 2242 2.0 12.2 78.0
PVTv2-BO 2242 0.6 3.7M 70.5 PVTv2-B1 2242 2.1 13.1 78.7
DFVT-T 2242 0.3 4.0M 73.0 Swin-2G 2242 2.0 12.8 79.2
EfficientViT-M4 2242 0.4 8.8M 74.3 ResT-Small 2242 1.9 13.7 79.6
EdgeViT-XXS 2562 0.6 4.1M 74.4 Shunted-T 2242 21 115 79.8
SwiftFormer-XS 2242 0.6 3.5M 75.7 GC ViT-XXT 2242 21 12.0 79.9
PartialFormer-B0 2242 04 5.3M 76.7 QuadTree-B1 2242 23 13.6 80.0
DeiT-T 2242 1.3 6.0M 72.2 ConvNeXtV1-N 2242 2.5 15.6 80.8
LVT 2242 0.9 3.4M 74.8 SwiftFormer-T 2242 1.6 121 80.9
ConvNeXtV1-A 2242 0.6 3.7M 75.7 tiny-MOAT-2 2242 23 9.8 81.0
ConvNeXtV2-A 2242 0.6 3.7M 76.2 EdgeViT-S 2562 1.9 111 81.0
ResT-Lite 2242 1.4 10.5M 7.2 ConvNeXtV2-N 2242 2.5 15.6 81.2
SwiftFormer-S 2242 1.0 6.1M 78.5 BiFormer-T 2242 2.2 13.1 81.4
PartialFormer-B1 2242 0.7 8.2M 79.3 PartialFormer-B2 2242 1.9 21.1 82.0
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Image Classification Results - PartialFormer

» PartialFormer B3-B4 and recent methodS'
Mmm mmm

ResNet-50 2242 76.1 PVT-M 2242 81.2
PVT-S 2242 3.8 25 79.8 PVT-L 2242 9.8 61 81.7
DeiT-S 2242 4.6 22 79.9 Swin-S 2242 8.7 50 83.0
PaCa-Tiny 2242 3.2 12 80.9 Twins-SVT-B 2242 8.6 56 83.2
Swin-T 2242 4.5 29 81.3 PVTv2-B3 2242 6.9 45 83.2
LIT-S 2242 4.1 27 81.5 LITv2-M 2242 7.5 49 83.3
ResT-Base 2242 4.3 30 81.6 Focal-S 2242 9.1 51 83.6
Slide-PVT-S 2242 4.0 23 81.7 CSWin-S 2242 6.9 35 83.6
PVTv2-B2 2242 4.0 25 82.0 DAT-S 2242 9.0 50 83.6
DAT-T 2242 4.5 29 82.0 PVTv2-B4 2242 10.1 63 83.6
LITv2-S 2242 3.7 28 82.0 ResTv2-B 2242 7.9 56 83.7
ConvNeXt-T 2242 4.5 29 82.1 PartialFormer-B4 2242 6.8 64 83.9
Focal-T 2242 4.9 29 82.2

ResTv2-T 2242 4.1 30 82.3

PartialFormer-B3 2242 3.4 36 83.0
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Experimental Setup - Semantic Segmentation

» Semantic Segmentation:
» Dataset: ADE20K

» 20K training images, 2K validation images

» Baseline segmentors: Semantic FPN, UperNet
» Replace original backbone with pretrained MAT Transformers
» Neck, Head is kept same as baseline

» Configurations:
» Iterations: 80K (Semantic FPN), 160K (UPerNet)
» Batch size: 16
» Optimizer: Adam
» Learning rate: 2e+
» Image size: 512x512
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Experimental Setup - Object Detection, Instance Segmentation

» Object Detection and Instance Segmentation:

» Dataset: MS-COCO
» 115K training images, 5K validation images with 80 categories

» Baseline detectors: SSD, RetinaNet, Mask R-CNN, SimpleBaseline (keypoint detection)
» Replace original backbone with pretrained MAT Transformers
» Neck, Head is kept same as baseline

» Configurations:
» Epochs: 12 (SSD, RetinaNet, Mask R-CNN), 210 (SimpleBaseline)
» Batch size: 16 (RetinaNet, Mask R-CNN), 192 (SSD)
» Optimizer: Adam
» Learning rate: 1e+
» Image size: 1333x800 (RetinaNet, Mask R-CNN), 320x320 (SSD), 256x192 (SimpleBaseline)
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Ablation Study - PartialFormer

» Importance of each component in Partial Transformer Block:

Full 8.264 0.734 79.3
PartialFormer-B1 -No exchange 8.262 0.734 78.8
-MMSA 8.261 0.706 77.2
-SQA 6.213 0.536 76.5

» Ratio between N/Ng across 4 stages: only MMSA used in partial attention

[64, 16, 4, 1] 8.232 0.653 78.5

PartialFormer-B1 [4,4, 4, 4] 8.232 0.699 77.3
with MMSA 8, 8, 8, 8] 8.232 0.589 77.1
[16, 16, 16, 16] 8.232 0.556 77.0

[64, 32, 16, 8] 8.232 0.553 77.0
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Ablation Study - PartialFormer

» Head MLP in MMSA: only MMSA used in partial attention

8.230 0.647 78.3
E?r&?t': ‘K;:\”AgrA e=1 8.232 0.653 78.5
e=2 8.239 0.668 78.6

» Channel Reduction in SQA: only MMSA used in partial attention

8.344 0.707 77.4
g?r&?t': %rgfr' r=4 8.289 0.706 77.2
r=8 8.261 0.706 77.2
=16 8.248 0.706 77.1
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Application of Partial Attention

» Replace existing attentions with our partial attention:

DeiT-T 6.0M 72.2
DeiT-T with partial attention 5.7M (-0.3M) 0.9 (-0.4) 74.2 (+2.0)
PVT-T 13.0M 1.8 75.1
PVT-T with partial attention 11.0M (-2M) 1.6 (-0.2) 77.3 (+2.2)
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Throughput Comparison - PartialFormer
» Device: CPU-Intel(R) Xeon(R) Gold 5220R@2.20GHz; GPU-Tesla V100

Spatial reduction M 81.2 6.9 1071

e L 9.8 61 81.7 4.6 781

Swin Window attention T 4.5 29 81.3 5.2 1665
S 8.7 50 83.0 3.2 710

Focal Multi-scale attention T 4.9 29 82.1 3.4 515
S 9.1 51 83.6 2.3 316

CSWin Cross-shaped T 4.5 23 82.7 7.4 1464
window attention s 6.9 35 83.6 4.6 907

DAT Deformable attention T 4.5 29 82.0 5.6 1176
S 9.0 50 83.6 3.1 686

PartialFormer(Ours) Partial attention B3 3.4 36 83.0 5.5 1353
B4 6.8 64 83.9 3.7 847
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2D Convolution

»Formula: (4 h)(z,v) ZZf(mn x* h(z —m,y —n)

» f(m, n): the pixel value of the input image at position (m, n)
» h(x-m, y-n): the value of convolution kernel at shifted positions (x-m, y-n)
» (f*h)(x, y): the result of convolution at the point (x, y)

https://github.com/vdumoulin/conv_arithmetic/tree/master
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2D Convolution

> Ex ample: Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

> & e 1 ] | wO[z2,%,0] Wl [ s D] oLy 0]
0 0 Mi} olo o I M|_1 T -25
§il i 1_||1_2_1 0 1__1||1_ 0 1o Tk
a2 n||-:} 2 |1 o I D"I i R i e
0 T 2 e 2 wh [22401] wl[zaized] alizgiead]
a0 2 157 72 15 il T -t ol T 0 30
G i i 1S ,1»=’ﬂ|_1 N = 2F S22
T T T 1 I 1 T|-:} 0 0 -l W o 8
- wO[:,.+2] AN B
o o [0 Jo]o o BN Y, B

e 1 [[tA-1 0 = o
a1 31 [Lf1 o =20
an 1. G mk A = 5
o = (B 8 Bias bOA1x1x1) Bias bl (1xlIx1)
O B 22 2 b0, 1, 0] bl[:,:,0]
il i i 0
00 0 0
x[:,z, toggle movement
o o [o]o 0 0
il il ki jili |
0 0 ||_2_ 0
9 2 D 2 B e
AN A
Sl s i i S
o &) o) @) [ 6 e

htms:// cs23 ln.github.io/ convolutional-networks/
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Example of the Convolution Filters

Convolutional Neural Network (CNN)
Filters

Input image

Features

Visualization of the CNN filters> Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks." NIPS 2012.
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VGG Feature Maps
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Visualizing and Comparing Convolutional Neural Networks, ICLR 2015
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Normalization

https://theaisummer.com/normalization/

1)) UNIVERSITY OF ULSAN

Merged Spatial
Dimensions (HW)

Channels C

Layer Norm

Mini-Balch Samples N

80

Batch Norm
A \
s X\ i O
™
Merged Spatial N
Dimensions (H,W) \\
o
™
A
Channels C
>
Mini-Batch Samples N

Input: Values of r over a mini-batch: B = {x .}
Parameters to be leamed: ~, 3
Output: {y; = BN, s(x;)}
i L] i - / mini-batch mean
He o, £ Iy
1 ml
2 k] o 2 o .
OB +— = gl:[;r:1 HE) /f mini-batch variance
F; B BE // normalize
4/ D’BE + €
¥ +— T; + 8 = BN, a(x;) {/ scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation xr over a mini-batch.




Batch Normalization

Input: Values of z over a mini-batch: B = {z1._,,};
Parameters to be learned: vy,
Output: {y; = BN, s(z:)}
1 mn
U — — Z T; // mini-batch mean
m £
i=1
1 mn
o 4 = Z:(sz:z — pug)? // mini-batch variance
=1
s iy — "
T; — Ly i // normalize
\/0'?3 + €
Learning Rate=0.1 Learning Rate=0.5 i =% + B = BN, gl2:) // scale and shift
100 100
> >
@) O [N et
o 2
= —— Standard 3 —— Standard
g 5 —— Standard + BatchNorm & 3° —— Standard + BatchNorm
(@)} (@)} without Batch Mormalization
= =
= =
£ £
= -
0 5k 10k 15k 0 5k 10k 15k N
Steps Steps

with Batch Mormalization

http://gradientscience.org/batchnorm/
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Normalization

Hatch Nermalization Layer Normalization
bsinh Same for all
e training examples batch

( . | mean std { l \
1(|3]]6 3 3 e
2l il |2 0 i
o(l1|l5] |3 4 S
a((6]|1| (a4 3 il
=i - |3 - bil] 21]| 3
LA ! ! 1{110}]|1

e ———— o ——— e
L 4
mean (2|3 |3 Same for all
std |2(|2]|2 feature dimensions

https://yonghyuc.wordpress.com/2020/03/04/batch-norm-vs-layer-norm/
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Activation Functions

» Introducing non-linearity into models:

10

08

0.6

04

0.2

sigmoid

10

ReLU

R(z) =max(0,

https://towardsdatascience.com/activation-functions-neural-networks-1cbd9f8d91d6
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Activation function - GELU
» GELU: Gaussian Error Linear Unit

Nonlinearities

2.5 -

2.0 -

1.3

1.0 -

0.5 -

0.0 -

— RELL
= GELU

https://en.wikipedia.org/wiki/Rectifier %28neural networks%29
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Sigmoid vs. Softmax

1
o(z) =
14e %
1
=
5
0.5
0 !
-4 -2 2 4 -4 -2 0 2 4
z z
(a) Sigmoid activation function. (b) Softmax activation function.

Figure 1: Sigmoid and Softmax activation functions
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Depth-wise Convolution

Depthwise Convolution

N\ X\

ﬁ@
/) el

Pointwise Convolution

nxn conv

1x1 conv
T

ﬂ
.

' / o).

=
£

)

https://gaussian37.github.io/dl-concept-dwsconv/

1 ID1) UNIVERSITY OF ULSAN 86 ISl ab

Sinppl



Convolution vs. Depth-wise Seperable Convolution

M

Dy
DR’ -—N —
(a) Standard Convolution Filters

1

DK " = .
Depthwise Pointwise
Dk —M—

(b) Depthwise Convolutional Filters

Figure 3: Standard convolution and depthwise separable
convolution. M
B = i

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

Figure 2. The standard convolutional filters in (a) are replaced by
two layers: depthwise convolution in (b) and pointwise convolu-
tion in (¢) to build a depthwise separable filter.

Howard, Andrew G., et al. "Mobilenets: Efficient convolutional neural networks for mobile vision applications." arXiv
reprint arXiv:1704.04861 (201
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Convolution vs. Transposed Convolution

3%x3 convolution ; i & ;i i i i

3%3 transposed convolution

v’ Transpose of convolving a 3%3 kernel over a 4%4 input <> convolving a 3%3 kernel over a 2x2 input padded with a 2x2 border of zeros.

Dumoulin, Vincent, and Francesco Visin. ““ A guide to convolution arithmetic for deep learning.”” arXiv' 16
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Global Average Pooling

V

)

2 5
| 5 <l 5 ’4//
| 911 Ts 2
Height L 6 5/
Depﬂ\ L~ Depth\

Height x Width x Depth

https://underflow101.tistory.com/41
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Log-Loss (Cross Entropy)

+ Cross entropy of distribution p and g:
H(p,q) = Epl—logql

" Log Loss when true label = 1

log loss

H(p, @) = — ) p(0)loga(x)

1 1 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0

Exam ple . predicted probability

computed | targets

. % 10 0 1 tdemeret) ~( (1n(0.3)*0) + (1ln(0.3)*0) + (1n(0.4)*1) ) = -1n(0.4)
0.3 0.4 0.3 | 0 1 0 (republican)
|1 0

0 (other)
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Step Learing Rate

0.011 4

0.01 —mmm
0.009 .
0.008
0.007
0.006 —

0.005 —

Learning Rate

0.004 —
0.003

0.002

0.001
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Optimizer

» SGD optimization on loss surface contours

o
e

| == Momentum
mee NAG

- Adagrad
Adadelta
Rmsprop

IITITrrrr i
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Optimizer

» SGD optimization on saddle point

—  SGD

- Momentum

— NAG

- Adagrad
Adadelta

—  Rmsprop

7
o
J

IS
Yl

5 tesed,

*ew.m,;;:;f

1.0
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Preliminary - Steepest Descent Method

f.(x)

f(x) =01(x%?—-6x+9)+ 1.6

1)) UNIVERSITY OF ULSAN

af (x) ,
ox
» Represent the direction of

slope.
» Ofor the left side.

» @ for the right side.

» Minus sign is added to drive
the function to its minimum
value.

» Remarks on

Lo St
EEN
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Mathematical Explanation (1/2)

+ We want to update w as:

_) E
- Wq = Wl‘l'%:
We don’t know yet its
Scaling factor exact value
0

+ We wanttodrive E to its minimum.
+ AFE should be ©.
+ And we have:

—
AE = E(wgy + nv) — E(wy)
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Mathematical Explanation (2/2)

+ Using Taylor series:
+ Centered at wg.

AE = E(wg +1v) — E(wgy)

a = wy

= E(wg) + VE (wg) (wy + 1V —w))
—{Ewg) + VE (wy) (Wg =wp)3

AE =
In which case this value will be &7
v
When their direction are opposite (dot product rule).
So, ¥ should b 7 VE (Wo) VE (W)
o, UV shou e v = w; = Wy — W,
"VE(WO Thu 1 0 n 0

S

Normalize its value since ¥ is a normal
vector.

Taylor series:
fG) =@+ '@ - a)

gradient descent ignores
the high order term

This part is also known as

directional derivative
https://en.wikipedia.org/wiki/Directional derivative
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Gradient Descent-based Algorithms

» Gradient descent
w=w—nVj(w)

» Gradient descent with momentum

Aw =yAw, 1 —nVj(w) —— w=w+Aw

E =

SGD without momentum

SGD with momentum

http://ruder.10/optimizing-gradient-descent/
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GD versus GD with momentum

» Function with 2 minimums: f(z) = 2* + 10sin(z)

55 {1@) = 2%+ 10sin(x); 2 =57 =0.1;7=0.9
T T | :

T T T I

—4 —7 0 2 a 6 —4 -2 0 2 4 6
GD with Momemtum: iter 0/101

GD without Momemtum: iter 0/5

https://www.d2l.ai/chapter optimization/momentum.html
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Gradient Descent-based Algorithms

» Gradient descent
w=w—nVj(w)

» RMS prop (gradient direction and moving average)

» Adapts the learning rate to the parameters

B n
\/E[gz]t t €

Vj(w)

w=w

http://ruder.io/optimizing-gradient-descent/
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Gradient Descent-based Algorithms

» Gradient descent
w=w—nVj(w)

» Gradient descent with momentum
Aw = BAw,_1 —nV](w) —— w=w+ Aw

g = 0.9
» RMS prop (gradient direction and moving average)
n
w=w-— Vi(w)
VEILg?l: + €
g =Vjw) B> = 0.9
» Adam
» RMS prop + momentum
n
w=w— E Elg®l; = B,E[g%].— 1-— z
\/E[gz]t s lg9]: l9°]: = B2Elg~°]t-1 + ( B2) 9t
Elgl: = B1Elgli-1 + (1 — B1) g:
http://ruder.io/optimizing-gradient-descent/ g = V] (W) ﬁl = 0.9, 52 = 0.999
https://johnchenresearch.github.io/demon/
I} {)1) UNIVERSITY OF ULSAN 100

e |
LSStk
S WG )

ISl ab



Derivative

» Derivative is a slope of the tangent line

A
Ay=y2—1y
Ax
(@1, 1) R e
 Af(a)  fla+h)—f@)  fla+h) - fa) R i
T Aa (a+h)—(a) R
» The slope is when Ax — 0 y =
_ Slope of a linear function: =
7(a) = lim fla+h) — f(a) Ay
h—0 h m= —"
Az

https://en.wikipedia.org/wiki/Derivative
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Chain Rule (1/3)

F(x) = f(g(x) recall

fla+h) —f(a)
h

"(a) = lim
Derivative at a l f@ h—0

e = i 0@ = (@)

leta+ h =x j/

Fa) = lim flg@) - fg@)

x—a—0 X—a
. gx)—g(a)
Multiply by T —g (@
J/ and re-arrange
) -~ fle®) - f(g(@) g(x) — g(a)
F'(a) = lim
xoa g() — g(a) x—a
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Chain Rule (2/3)

F(x) = f(g(x)

Derivative at a l

Fa) = mf (g(a+ h)})l - f9@)

leta+ h =x j/

(@) = 1im 9@ h)})l —f(9(@)

h—0

Multiply byM

g(x)—g(a)
J/ and re-arrange

N s flgla+h) - f(g(@)gla+h) —gla)
Fa) = }cl—rﬂlz gla+h) — g(a) h
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fla+ h)—f(a)
h

f'(a) = lim

F@) - 1im L@+ D) = F(9(@)

x>a  g(a+h)—g(a)

g'(a)
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Chain Rule (3/3)

F(a) = f(g(a)) Other form Lleta+h =x
recall
) _ fla+h)—=f(a) , [ —f(a)
Derivative at a l f(@) = lim n fi(@) = lim Xx—a

_

Y

oo . flgla+h)-fg@)] ,
F(a)_[}g}} gla+h) —g(a) ‘g(a)

e = i 0@ = (@)

leta+ h =x j/

P = i [0+ D) =/ (9(@)

h—0

Change was
respect to a

+h) - d
P = [im f8@t W)~ f9(@)]dg(@)
-0  g(a+h)— g(a) da
. gx)—g(a)
Multiply by 2—g(@) When h — 0,
J/ and re-arrange i

gla+h)—g(a) -0

oo . flgla+h)—f(g9(@)]dg(a)
(@) = [g(a+lfgr—l>g(a) gla+h) —g(a) da

N s flgla+h)—f(g(@)gla+h) —gla)
F(a)_flll—% gla+ h) —g(a) h

.« df(g(a))dg(a)
Fla)=—15@ da

Same form
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Chain Rule ...details

recall  f'(a) = lim / (x; :f (@)

X—=a

a

flgla+h)) - f(g(a))] dg(a)

F'(a) =
(@) \g(a+}£)—>g(a) gla+h) —g(a) da

simplify

oo o fe®) = f(9(@)]dg(a)
Fla)= [gcx‘)‘i%ca) 900 —g@ | da

—

Same form, now the point is
represented as function output

simplify

, «_df(g(a))dg(a) .~ _ 4f dg
Fa) = dg(a) da Fila) = dgda
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Chain Rule- Graphical Illustration

@ W flg(@))

daf 0df dg
da 0dgoa

a @

df df dgoh
da 0g odhada
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Chain Rule- Graphical Illustration

- @
N

® 0

of afagah+afazah
da 0gohoa 0z0hoa
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ResNet (1/)

* shortcut mapping: h = identity

F(x[) layer £y id o £ 0 Oal L]
layer * What if f = identity?

X1+1 = X1 + F(x;)
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ResNet (2/)

Very smooth forward propagation

X141 = x1 + F(x;)

\ 4

L~
S )
i=1
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ResNet (3/)

Very smooth forward propagation

L-1
X, =%+ ) Fx)
1=l

- X
* Any x; is directly forward-proptoany x;,
plus residual. ;
* Any x; is an additive outcome. ,‘
* in contrast to multiplicative:x; = [[i={ Wix; AL
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ResNet (4/)

Very smooth backward propagation

L-1
v =x+ ) Fx)
i=l

0E
‘ o,

0E  OF dx, 1.4 ;
dx, axL 0x; a_xgz (x0)) OE
dx,
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ResNet (5/)

Very smooth backward propagation

o 14— Z F(x;)
T X;
X 6xL ( d0x; )
OE
* Any j—i Is directly back-prop to any j—f;, 0x
plus residual.
. Any % is additive; unlikely to vanish OE
I —
3 0x;

‘ 5__ 1-1
in contrastto multiplicative: = 5w, oy
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ResNet (6/)

Residual for every layer

Enabled by:
forward: X = X; + Z F(x;)
1=1

* shortcut mapping: h = identity

» after-add mapping: f = identity

x!
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Vision Transformer

. u . g 1 t Output
Vision Transformer (ViT) i Transformer Encoder = ol — utpu
| & . [, - . _ learnable weaghl‘i
[ L x . Localview Tl e e .
MLP I | ; =
Head -
| MLP , L
! Y S e, | il |
i Norm 1 ]
Transformer Encoder :
ﬁ (a) Convolution
|
; Input _adaplive weights Output
Patch + Position Multi-Head 1l | [ T T T T 1 °°°77 — WE=T Formig, Rk
Embedding > @5 . ' " . I Altention Gl_ubal _ . “bo
# Extra learnable I view l
[class] embedding [ Linear Pr()]ectlon of Flattened Patches E
| 7
o] [ TR | o p
imu—-Iliiﬂ ol 1] L= ,
A (e ,
[ Patches | —  ——t L Jl__-_-J 1 | .
e — (b) Self-Attention

Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." ICLR 2021
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Token Embedding
» A word ~ a token » A patch ~ a token

Natural Language Processing ! Computer Vision
|
|
|
T, Patch Embedding Position embedding
A
' ! 4o
I e T o [ 34 [ 58 | - Jo [ 15 | 0§
| —
Token Token Embedding I Image ol |
I :
This —>{ -0.5 | .. 2.1 0 'flatten ’:
| 3.1 |-z_z | 05 | 0.8 | |-3_1 | 43 | 1 :|
is —— 17 | . | 34| 1 | P
I E FblTransformer Encoder
a — 53| .. |14 2 I 5 ]_)
I © 0.1 | 2.4 | 0.5 | 0.9 | | 5.1 |-2.1 |' 2 '|
car —>» 5.2 43 3 | 3 "
: 32 % 32 x 3
I 53 | 4.5 |-6.3 | 0.6 | l 38 I 43 |: 4 E|
I 4 - order (-);';);m:h es
I a sequence of patches (tokens)
, N x 3P NxC
| 4x3%16% =4 x 768 4 x 256
|
|
I
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Transformer Encoder

Encoder
Self-attention s A o B S L S o bag_

P d. i . J Add & Norm *
2 T[NX - XM 4 7| FO(dinydmodet) ||,
FEN A
. [ FOldnoarden) |
N X dmodel]

................................

e

Matmul Self-Attention ../ h K“. i

A T Multi-Head '

: Self-Attention E

Transpose : :

[N % dmodef] N dmr)del TN d’frwrl(—:l : i E

\ h [ = h ] [ " h ']: : :
E: % V' Q‘ Kr ’ 1 I

________________________________

4
V= | [N X dmodet]

_____________________________________________ e
(a) Self-attention operation (b) Transformer Encoder N=H*W

Attention(Q', K', V') = softmaz(
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Self-attention Example

P Self-Attention: capture global dependencies from tokens

» Example: input has 4 tokens and each token has 3 channels
KT
each query attend to all tokens ~ Token 1 Token 2 Token 3 Token 4

0 Vil \y B ¥ Output

Token 1 ': 0.3 -1.2 36 [0 ) | 1 :" 0.3 -1.2 3.6 0.34 | -1.15 | 3.58
28 % b 034052023 [\
Token 2 41 7957 15 :' —— ' 4.1 2.5 15 518 | 3.39 | 2.39
X) 1|12 |hsi| 34|50 | >
\ 36 %15 {2407 |/ X ]
Token 4 93 3.9 0.7 { LS | : 2.0 3.9 0.7 2.3 39 0.7

)scale ‘Jscale scale E:ale ®
',--#" ¢ ¢ ¢h“; softmax
[ =-8.4 2l | 35 | 0 %K 0.99 [ 0.002 | 0.007 | 0.001 akl | @kl | @kl | qk?

Attentz’on(Q’ KV )

P 03 146 | 193 | 08 > ~0 | 0009 | 099 | 0.001 @kl | @kl | @kl | @kl

QK '

= softmax(———)V
vV dm /h 3.5 193 25.6 1.7 ~0 0.002 | 0.998 ~0 gkl | gskl | gskl | g3kl
-1.6 0.8 iy 12.1 ~0 ~0 ~0 ~1 @kl | @kl | @kl | @kl

Attention map
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Why do we need to scale attention matrix?

» Self-attention:
Q’ c RNth, a vector q; e R% ,dp, € dm/h
r PP
Attention(Q ,K ,V ) K c RV*9  avector K c R%
Q/ K/T l ’ J
— SOftma/fL'(l- -------- |) V f IT dh ! ! ! f ! r
" i__j‘lf_/fﬂ_/ G =D Gk = Gk + Gkt
=1

! ! . ; 2 4
sealing factor Assume that g, k ; are independent random variables with mean 0 and variance 1

! PT . ! .'T -
E(g;k;" ) = E(g;)E(k; ) =0

Va'r(q;k;-T) = Var(q;,lk;.’l + q;gk;-,z—l-. ) =1+1+...=dy, =d,/h

Std(qk") = \[Var(gk]) =y /dm /b
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Max versus Softmax

=Y

softmaz(z) = <

N ~ = 10.99,0.002,0.007,0.001]
Zj:l e’

maz(z = [8.4,2.1,3.5,~1.7])) = 8.4 :

! v turn values into probability distribution

: v dependencies between elements

softmaz(z)
o
o
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2D Dicrete Fourier Transform

» One-to-one mapping: spatial domain — complex frequency domain.

» Preserve all the information of the input.
» The output features has a wide range of the frequencies
» Goal: extract helpful frequencies from Fourier features --> increase representation ability.
Hp—1Wp—1
X3, mym)] = FlX)y= Z Z X[z, m,n]e 7?7 HHe T W
T n

Input Image 2D FFT of image

0 0

100 100
200 200
300

300

400 400

0 100 200 300 400

» There has a conjugate symmetry of the complex tensor.
» A half of complex tensor needs to be computed and restored.
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Example - Amplitude Spectrum

-0.5 1.2 2.5 2.2 L5 44.0 -9.0+7.4 | 3.841.1 3.8+41.1 -9.0-j74
2D DFT . . . i .
34 |9 | 23 | 21 | 53 — 214 | 054131 | 21454 | 2244 | -1.2-9.5
= S5 e
-0.8 2.6 1.1 2.5 -2.1 =0 n=0 -6.9-19.7 | -4.2-j17.3 | -2.2-j0.9 |-12.0+54 | -3.3+12.2
2mm 2mn
frequencies: Wy = T s Wp = W
13 | 44 | 32 | 14 | 09 -6.94j9.7 | -3.3-12.2 | -12.045.4 | -2.2+0.9 |-4.24j17.3
H-1W-1
= 0 _
33 | 24 | 09 | 42 | 34 X[0,0] =Y ) X[m,n]e’ =44.0 2145 | -12+j95 | 22444 | 2.1-55.4 | 05-13.1
m=0 n=0
H-1W-1 5 9m
X :[5x 5] x[2,1] = X[m,nle T+ = _4.2 - j17.3 X [5 x 9]
m=0 n=0
shifting
X[u!v]:‘xx[H_u:'W—v]
Y
24 17.8 119 12:7 13.2 -2.2+0.9 |-42+17.3 | -6.949.7 | -3.3-j12.2 | -12.0-j5.4
58 13.1 24 9.6 4.9 21454 | 05-13.1 | 214 | -1249.5 | 2.2+4.4
amplitude
39 11.7 44.0 117 39 € 3.841.1 -9.0574 44.0 -9.0+7.4 3.841.1
r=+a‘+b
49 9.6 23 13.1 5.8 2244 | 1295 | 214 | 05+13.1 | 2.1+5.4
15:2 127 11.9 17.8 24 -12.0+54 | -3.3+H12.2 | -6.94j9.7 | -4.2-17.3 | -2.2-j0.9
Amplitude spectrum
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Amplitude and Phase Spectrum

Amplitude spectrum Phase spectrum
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RetinaNet

7x8 /128
13x16 /64 . Classification
i Hx WxC i
: nter-n E
25x32 /32 : Ceer;,X?SS :
S0xo4 /1b | Regression |
E Hx Wx4 i
100x128 /8 ; 5
| L HxWx256  Hx Wx256 ;
b
800x1 024 Shared Heads Between Feature Levels

....................................................

Focal Loss for Dense Object Detection, ICCV 2017
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Mask R-CNN

Mask RCNN

Mon Max suppression

i
i
i
i
)
i
!
i
: Regions after
i
)
i
i
]
i
i
i

v
‘*'F
s

Warped

Feature — Regressor Bounding
Box

Vectors

Feature Map
ResNet -

Fully connected layer

images

Mask Classiﬁeré ﬁ@iﬁlﬁq f@ﬁ% 4

a stack of convolution layers

https://towardsdatascience.com/computer-vision-instance-segmentation-with-mask-r-cnn-7983502fcad 1

11D 1) UNIVERSITY OF ULSAN 124 ISL ab




SSD

Extra Feature Layers

VGG-16 [ A \
~— _t!'l_rclu_gthnnvﬁ__g I_az?r Classifier : Conv: 3x3x(4x(Classes+4)) o
' < : _ "l ®
: \\ \\ Classifier : Conv: 3x3x(6x(Classes+4)) ©
300 | : : =
I N
0 | | e
w Image : I * l ® " "=
n | I I - 0
| I Comet 3 [ ‘::?_3‘6"3 iﬂé‘;? 3 Conv: 3x3x(4x(Classes+4)) | &
300 | : : 8 {Feh) 5 Convo_2 o
| onvB_2 =
\ | 38 | 8
\\ : : 19 19 10 Z 10_2 Convi1_2 k)
3 ) | i—; o
NI 512 1024 1024 512 256 256 256 |

P | |
Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128 Conv: 1x1x128
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s1 Conv: 3x3x256-s1

SSD: Single Shot MultiBox Detector, ECCV 2016
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Semantic FPN

1 :
/32 Z CONV—2x—CONV—2x—CONV—2x

7 128 x 1/4
256 x /16 A CONV—2x—CONV—2x
///// 128 x 1/4
Backbone _
ResNet /
1 conv—2x
256 x 1/8 / / é:( ”
////// conv
256 x /4 128 x 1/4

' 1

Image

conv—4x

Cxl1

Panoptic Feature Pyramid Networks, CVPR 2019
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UPerNet

el
: PPM Head ! — | Head | #— | living room |

Image
or {450 = T20)

= it ] -
f = ; no grad Head Z'_"

image for texture material !
(~ 48 x 48) i

—— : L /& = marbled
1 Head Lz'- K.
[ texture

{testing)

-4
=
L SceneHead /|
(==t T=m =]
| Texture Head

e
7 l
(/‘ — e ] 4x Conv

Object / Part / Material Head (128 Channels)

Fig. 4. UPerNet framework for Unified Perceptual Parsing. Top-left: The Feature Pyra-
mid Network (FPN) [31] with a Pyramid Pooling Module (PPM) [16] appended on the
last layer of the back-bone network before feeding it into the top-down branch in FPN.
Top-right: We use features at various semantic levels. Scene head is attached on the
feature map directly after the PPM since image-level information is more suitable for
scene classification. Object and part heads are attached on the feature map fused by
all the layers put out by FPN. Material head is attached on the feature map in FPN
with the highest resolution. Texture head is attached on the Res-2 block in ResNet [!],
and fine-tuned after the whole network finishes training on other tasks. Bottom: The
illustrations of different heads. Details can be found in Section 3.
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BB |

Average ﬂ.
pooling \ - Upsample

Concat

|

|

Conv |
p—
\

Pyramid Pooling Module (PPM)

Unified Perceptual Parsing for Scene Understanding, ECCV 2018




UPerNet

Materils

e

Parts

- sofa is composed of seat cushion,
arm, back pillow and seat base.
- coffee table is composed of

leg, apron and top. Pl wood

fabric
_wood

SE piliblegy door

waood
et

il = —1 [ ._:-s i e
carpet P8 tabric

mirror '_P_.?_i"ii ng
wall

windowpane
B _p cabinet
i i
coffee table

il floor

g

- living room is composed of wall, floor, ceiling, coffee
table, cabinet and painting.

scene object

&
wall

en garden
windowpane
B — fowes

e

> i bottie

T plate

wnod

painted

fabric

- cabinet is made of wood.

- coffee table is made of wooc
-wall is made of brick.

- sofa is made of fabric.

- floor is made of carpet.

- coffee table is é
-sofais

-wall is strat A

texture

knitted
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Simple Baseline

1T
&

G

(lg l - @ ResNet + transposed convolution
=[O ][0

[f10=

(a) Hourglass (c)Our Network
r N
= ] S T S ——
e
I e [
7 @ l Deconvolution Module
| g — S

L2Loss N f

(b)CPN

Simple Baselines for Human Pose Estimation and Tracking, ECCV'2018
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Keypoint Heatmaps

Stacked Hourglass Networks for Human Pose Estimation, ECCV 2016
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Prediction Formatting

dx

dw

dh

131
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Object Detection AP (1/6)
» https://github.com/rafaelpadilla/Object-Detection-Metrics

Image 1 Image 2 Image 3 Image 4

15 ground truth boxes and 26 predicted boxes
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Object Detection AP (2/6)

Images Detections Confidences TP or FP

image 1 A 88% FP

Image 1 B 70% TP

Image 1 C 80% FP Image 4 N 450 FP
Image 2 D 71% FP image 4 0 14% FP
image 2 = 54% TP Image 5 P 62% TP
Image 2 F 74% FP Image 5 Q 44% FP
Image 3 G 18% TP image 5 R 95% TP
Image 3 H 67% Fp Image 5 S 23% FP
Iimage 3 I 38% FP Image 6 T 45% FP
Image 3 J 91% TP Image 6 U 84% FP
Image 3 K 44% FP Image 6 v 43% Fp
Image 4 L 35% Fp Image 7 X 48% TP
Image 4 M 78% FP Image 7 Y 95% FP

1D 1)1} UNIVERSITY OF ULSAN 133 ISL ab



Object Detection AP (3/6)

Images Detections Confidences TP FP AccTP AccFP Precision Recall

Image 5 R 95% 1 0 1 0 1 0.0666 P _ ™ Ip
Image 7 Y 95% 0 | 1 1 1 05 0.0666 TP+ FP  all detections’
Image 3 J 91% 1| 0 2 1 0.6666  0.1333 B = L s
TP + FN  all ground truths
Image 1 A 88% 0 | 1 2 2 0.5 0.1333
Image 6 u 84% o 1 2 3 0.4 0.1333 TP if IoU(pred, gt) >= threshold
Image 1 C 80% o | 2 2 4 03333  0.1333 else FPs
Image 4 M 78% 0 | 1 2 5 0.2857  0.1333 r
Image 2 F 74% o | 1 2 6 0.25 0.1333 . Aveact Ovep J
Image 2 D 71% 0 | 2 7 0.2222 0.1333 ~ Aveaof Union
Image 1 B 70% 1 0 3 7 0.3 0.2
Image 3 H 67% 0 1 3 8 0.2727 0.2
e i i ull | K a : ol Ko v mask: IoU based on binary masks
Image 2 E 54% 1 0 5 8 0.3846 0.3333 and logical operations
Image 7 X 48% 1|0 6 8 0.4285 0.4 v" keypoint: IoU based on L2 distance
Image 4 N 45% 0 1 6 9 0.4 0.4 term
Image 6 T 45% 0 | 1 6 10 0.375 0.4
Image 3 K 44% 0 1 6 11 0.3529 0.4
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Object Detection AP (4/6)

Precision x Recall curve

1.0 41— /P
Q
0.9 4

0.8 14—

precision
© o ©
(%] )] |
i i
D
® | &
E3)

J B

044 C | |
_ (M) (8)

0.3 Al 1/ & — _..__

> & O
0.2 +— ! @ | | . o
| I L] ] N I I —
0.0 0.1 0.2 0.3 0.4
recall
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Object Detection AP (5/6)

Precision x Recall curve

y T S R . - —— Precision
—== Interpolated precision
0.9 -
0.8 -
0.7 +— !
ool ] Leasles
h=
Wi
‘o 0.6
o
=
054 | f——

0.2

T T T 1 1
0.0 0.1 0.2 0.3 0.4
recall
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Reference Points and Image Content

X
>
-14 2.3 0.5 1.1
0,0) | (1,0) | (2,0) |(3, 0)t—> pixel coordinates
4.3 09 | -1.2 \’:2—.;::r—>intensity value
O,H|LD @D ]G
1.7 -1.8 0.2 2.1
0,2) [ (1,2 (2,2 | (3,2
0.8 -0.4 3.2 3.7
(0,3) | (1,3) | (2,3) | (3, 3)

) 1) 1) UNIVERSITY OF ULSAN

common patch embedding
* uniform way

137

i
(T'_'(_;."g; o

P o

bilinear patch embedding
* adaptive way

ISl
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Bilinear Interpolation

Linear Interpolation

+ Given A, B

Bilinear Interpolation

Given intensity values at four pixel locations

I, g, I91, Iao

+ Target position x; . Find ¥y; ?

Assume that the function behaves linearly Find intensity value I, x,y, at given point (:Bb, yb)

|
|
I
|
|
|
between two known points :
YA 1 YA
|
Iy Iy
| Yo [rmmme=s Bn
| TpYo
I yb ___________________________
: Imbyb
I Y1 [-5- 7
5 | L} B 5112
: | ; : :
1 L I " )
T T T3 w) : I Tp T2
I . . . ! 1
w—1 Y- : Compute linear interpolation for B, , By, .,
tan(0) = =
T —T1 T2 I Ty — Ty Ty — T3
Ty — I Ty — I | Bﬂl’byl e Ill * I12
>Yy=—*xyp+——x*xys | T2 — T2 — 4
L2 — I L2 — T1 |
" o — Tp ry — I
' By, = ——— %I + ———— x Iy
| o — I1 o — I
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Compute linear interpolation for I ZbY,

Y2 — WP /
Iwbyb —~ - — %

In our Bilinear PE, (Zp, Yp) is learned by small network
where parameters are conditioned on the image content.

(mbayb) — (:Ciayj) +N(I)

N(I) = (Az, Ay): offsets

onv

o

X ¢ RCXHXW—)

BN, GELU()
1 x

[DWConv, stride 2]

T >P :RH/sz/zxz

offsets deformed points
_—> — |-~ .)( ; >.
A bilinear
1
1

interpolation

ISl
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Bilinear Interpolation

Ay
SRR

y A
) Ig,l = (0.7 I2,2 — —1.6
B3

S B Keiad™

: --““11,1 :Brl.g i :ILQ = 2.8

=11
1 1.3 3

; 2—1.3 1.3 —1
Big, = 5 1 * 1.1 + 5 1 * 2.3 = 1.46

" 2-1.3 1.3-1
Bj3y = 5— *0.7+ —— *(~1.6) = 0.01

215 1.5—1

Ii315 = 51 * 1.46 + 51 * 0.01 = 0.735

1)) UNIVERSITY OF ULSAN
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Anchor Boxes & Object Queries

| oo

Detection Transformer

(| | Bt o ot o gl e e S e e Sy TR e s e g [T T e e T T —————
Region Proposal Networkl 2 i backbone || encoder :: decoder :: prediction heads :_
] I 1
feature maps | setof image featuresii :: h : ! . =
1 1 class,
o 2 : D :I il i box i
. , :
| FFN i N 4
' transformer - transformer ! [ object | i
]
e encoder : decoder s \ — “'rf'if' E
$ 44 4 4 4 [} 1 | !
| tooonn-n | Booe b >eple]l
g . 1 i _positonalencoding____________________| | ____ obectqueries  § T :

Figure 2: Faster R-CNN is a single, unified network
for object detection. The RPN module serves as the
‘attention’ of this unified network.

9 anchors/location

object queries are /learnable and

F i i Scale 3 . . .
e e el = interacted with image features to reason
i about box prediction
L] a2
-3
.-
ar3
totally generating: HW3 anchor

boxes for one feature level = a/r: aspect ratio
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PVT-Pyramid Vision Transformer

[d [ d [d [ d I
» Key idea: spatial reduction attention :
|
|
|
Stage 1 ; ; s I
|
7 |
N b
7 |
: 1 £
Multi-Head Multi-Head
______________ | Attention Attention W,
_____________ [ t iy
-------- Spatial
e e e s ; --------- “\I I Reduction
N i | 1
i il Q kK v Q K Vamwxe
i ':E;b :E a.., i | Mulii-Head Attention Spatial-Reduction Attention (ours)
, \! Sl Tt LS 2 B L el |
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Focal ViT

» Focal ViT: multi-scale self-attentions
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CSVWin Transformer
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CSWin Transformer: A General Vision Transformer Backbone With Cross-Shaped Windows, CVPR2022
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DAT - Deformable Attention
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Vision Transformer With Deformable Attention, CVPR 2022

11D 1) UNIVERSITY OF ULSAN 144 ISl ab




MobileViT Architecture

Lx
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Transformer
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Flatten image patches Positional encoding

(a) Standard visual transformer (ViT)

MobileViT block T e e S R s :
x ..“L.-L Comvn % , v
H e ppee e e Transformers as Convolutions P H :
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AN el
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L=3
Cum. 5>< 3 MV2 MVZ MV2 MVZ MobileViT MVE MobileViT MobileViT Ciic 157 Global pool Logits
block block block — Linear
& . h=w=2 h=w=2 h=sw=2
Output spatial — 128 x 128 64 = 64 32 x 32 16 x 16 Bx8 1x1

dimensions

(b) MobileViT. Here, Conv-n x n in the MobileViT block represents a standard n x n convolution and
MV2 refers to MobileNetv2 block. Blocks that perform down-sampling are marked with | 2.

Figure 1: Visual transformers vs. MobileViT
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MobileViTvl

Layer Output size Qutput stride Repeat Output channels

XX5 X5 S
Image 256 x 256 1
Conv-3 x 3,] 2 | 16 16 16
MV2 128 x 128 2 1 16 32 32
MV2, | 2 L 1 24 48 64
MV2 pERe : 2 24 48 64
MV2, 12 32 x 32 3 | 48 64 96
MobileViT block (L =2) 2“7 | 48 (d=64) 64(d=96) 96(d = 144)
MV2, 12 16 x 16 16 | 64 80 128
MobileViT block (L = 4) 1 64 (d=180) 80(d=120) 128(d=192)
MV2, ]2 | 80 96 160
MobileViT block (L = 3) 8 x 8 32 1 80 (d =96) 96 (d=144) 160 (d = 240)
Conv-1 x 1 | 320 384 640
Global pool
Linear k-l 236 ] 1000 1000 1000
Network Parameters 1.3 M 23 M 56 M

Table 4: MobileViT architecture. Here, d represents dimensionality of the input to the transformer
layer in MobileViT block (Figure 1b). By default, in MobileViT block, we set kernel size n as three
and spatial dimensions of patch (height i and width w) in MobileViT block as two.
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MobileViTv2 Block

-------------------------------------------------------

Depth-wise Point-wise : Separable 1 _.|Feed-forward E J| Point-wise
X P o o o ot | S o Tl B

-------------------------------------------------------

Figure 6: MobileViTv2 block. Here, depth-wise convolution uses a kernel size of 3 x 3 to encode
local representations. Similar to [4], unfolding and folding operations uses a patch height and width

of two respectively. The separable self-attention and feed-forward layers are repeated B x before
applying the folding operation.
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Transformer vs. Linear Transformer

@ Broadcasted element-wise multiplication @ Softmax @ Element-wise sum @ Dot-product @ Concatenation
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(a) Transformer [1] (b) Linear Transformer in MobileViTv2 [2]

[1] Vaswani, Ashish, et al. "Attention is all you need." NeurIPS 2017

2] Mehta, Sachin, and Mohammad Rastegari. "Separable Self-attention for Mobile Vision Transformers." arXiv 2022
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MobileViTv2

Table 5: MobileViTv2 architecture. Here, d represents dimensionality of the input to the separable
self-attention layer, B denotes the repetition of transformer block with separable self-attention inside
the MobileViTv2 block (Fig. 6), and MV2 indicates MobileNetv2 block. Similar to MobileViTv1
block, we set kernel size as three and spatial dimensions of patch (height 4 and width w) as two in
the MobileViTv2 block.

Layer Output size Output stride Repeat Output channels
Image 256 x 256 1

Conv-3 x 3, | 2 1 32

MV?2 128 x 128 2 1 6da

MV2, | 2 , | 128a

MV2 bt 4 2 1%8a

MV2, | 2 1 256
MobileViTv2 block (Fig.6: B=12) 52 % 32 8 1 2564 6i(d=1284)
MV2, | 2 1 384av
MobileViTv2 block (Fig. 6; B = 4) 0% 10 16 | 384a (d = 192a)
MV2, | 2 | 5120
MobileViTv2 block (Fig. 6; B = 3) 8 x 8 32 1 512c (d = 256a)
Global pool 912a

Linear Loed b l 1000
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MobileNetV?2

T

Dwise 3x3,
stride=s, Relub

(a) NasNet[21] (b) MobileNet[?7]
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| kit | I conw 1x1, Linear I
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e | T ..,
e | '
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(c) ShuffleNet [20] (d) Mobilenet V2

Figure 4: Comparison of convolutional blocks for dif-
ferent architectures. ShuffleNet uses Group Convolu-
tions [20] and shuffling, it also uses conventional resid-
ual approach where inner blocks are narrower than out-
put. ShuffleNet and NasNet illustrations are from re-
spective papers.
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(c) Global Sparse Attention




Instance and Semantic Segmentation

Classification + Localization

Semantic Segmentation Instance Segmentation

https://nirmalamurali.medium.com/image-classification-vs-semantic-segmentation-vs-instance-segmentation-625¢c33a08d50
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