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Motivations & Contributions
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= The shifted-rectangular window has limited number of unique shifting modes due to
rotational repeatation.

#y \We are the first to introduce the triangular window-based self-attention mecha-
nism in the computer vision task that exibits more non-identical shifting modes
than the conventional rectangular one.

= The use of rectangular window technique in Image SR also results boundary-level
distortion due to insufficient neighboring pixels at rectagular boundaries.

# We smoothly integrate the proposed triangular window with traditional rectan-
gular windows to employ non-overlapping self-attention in single-image SR.

# It not only eradicate the boundary-level distortion but also execute the multi-

region attention.
v

= The smaller window reduces the computational complexity with a heavy penalty on
performances due restricted receptive field.

# We introduce two variants of triangular window attention: (i) dense and (ii)
sparse. The dense and sparse attention concentrate more on local image features
and global image context respectively.

v
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Shift Modes in Triangular & Rectangular Windows
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Figure 1: Shifting modes of rectangular and triangular windows in a 64 X 64 image patch
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Figure 2: A rectangular and triangular patch in 32 X 32 window.
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CFAT vs SOTA Models nee SVER
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MSA: Multi-Head Attention

(D): Dense

RW: Rectangular Window!
TW: Triangula

(SD): Shifted Dense

(O): Overlapping

Figure 3: Proposed CFAT vs other SOTA models
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Model Architecture
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Figure 4: The overall architecture of CFAT with all internal modules
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Model Equations ‘: ez 2024
Dense Window Attention Blocks [DWAB]:

Fap =feony (fop(frop---(Foop (faop(Fsn))))) + Fen,

Foa =frop(Fen) = fififece-.(fori( fect (Fn)))),

Fine =frisa(fin(Fin)) + afca(fin(Fin)) + Fin, (1)
Fou =fup(fin(Fint)) + Fint,

Fine =fuia(fin(Fin)) + Bfca(fin(Fin)) + Fin,

Fout =fup(fin(Fint)) + Fine.

B

Overlaping Cross Fusion Attention Block [OCFAB]:

Ro = (1 + K)R. )
—

Computational Complexity for Triangular-MSA:
O(MSA) = 4[HW|C? + 2[HW]?C,
O(D-MSA) = (4HWC? + 2HWL2C) 3)
O(S-MSA) = (4HWC? + 2( ) Q).

June 17, 2024 7/18

CVPR_2024 Presentation by Abhisek Ray CFAT (Paper ID-12800)



‘ CVPR
Environment & Training Settings ! g

© GPU: NVIDIA GTX 1080 ti, CUDA 10.1.243, CuDNN 8.1.0,
@ Language: Python 3.10.11.

© Framework: PyTorch 2.0.1

@ Library: Torch, Numpy...

Q lterations: 250K

@ Batch Size: 32

© Obejective Function: L; Loss

@ Optimizer: Adam.

© Leaning Rate: 0.0002

Q Ir Decay: 0.5

@ Step Size: [112.5K, 175K, 200K, 225K]
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Ablation Study

28.1
—@— Sparse-Dense —— Dense

2794| m—  sparse

27.7

PSNR(dB)

28
27.9 +

27.7

27.5 -

26.9
26.7 26.7 26.7 %
265 T T T T T ™ 265 T T T T T ™ 265 T T T T T ™1
709 11 13 15 1718 709 11 13 15 1718 709 11 13 15 1718
Iteration (K) Iteration (K) Iteration (K)
28.4
/’_\i 282 || @ Miex1s + Tiseis
/ e 7| —8— Rsxs + Tigae e
S 28 || = Riz2xi2 + Ti6e16 : y —
/.~ —A— Rigx16 + T8+8 s
~ oo o7 ——— o e
2 — //*/; 2 273 ~ A
Z // Z _—eo—— o /,V 2 oo / A
£ _— & /r\l\ 7 £ ) //*\\/ /,\/
27.2 e A 26.9 -
27 /// / 26.7 - / //
26887 265
T T T 1 266 T T T T T ™ 263 T T T T T ™1
100 150 200 250 709 11 13 15 1718 7009 11 13 15 1718

Iteration (K)

Iteration (K)

Iteration (K)

T\ SEATTLE, WA

JUNE 17-21, 2024

b

Figure 5: Iterative performance (PSNR in dB) comparison of the proposed CFAT for Top-Left:
triangular vs rectangular vs overlapping attention, Top-Middle: sparse vs dense attention,
Top-Right: various interval size, Bottom-Left: small vs medium vs large CFAT model,
Bottom-Middle: various combinations of rectangular (8 x 8, 12 x 12, 16 X 16) with triangular
(8 % 8, 16 x 16) windows, and Bottom-Right: various channel lengths. [BSD100(x4) epoch 70]
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Quantitative Comparison ‘:

Quantitative comparison of the proposed CFAT.  and color indicate the best and second best respectively

Set5 Setl4 BSD100 Urban100 Mangal09
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Method Scale Training Dataset

EDSR [ ] DIV2K 38.11 09602 33.92 09195 32.32 0.9013 32.93 09351 39.10 0.9773
HAN [ ] DIV2K 3827 09614 34.16 09217 3241 09027 33.35 09385 39.46 0.9785
39.32
ImageNet E
SwinlR [ ] DIV2K+ Flickr2K g 00433 40.02
Swin2SR [ | DIV2K+ Flickr2K 00431 39.88
ACT[] DIV2K+ Flickr2K 09453 40.11
ART [ ] DIV2K+Flickr2K 0.0452 40.24
EDT [ ] DIV2K+Flickr2K ~ 38.63 32.62 0.9456
HAT [ ] DIV2K+Flickr2K 40.26
CFAT-s (ours) DIV2K-+Flickr2K  38.59 0.9621 0.92872 32.58 0.9453 40.24
CFAT (ours) DIV2K+ Flickr2K
DIV2K 34.65 0.9280 0.8462 29.25 0.8653 34.17
DIV2K 3475 09299 08483 2032 08705 34.48
29.33 0.8671 34.30

TmageNet - = E
DIV2K+ Flickr2K 09322 29.49 08841 35.28
DIV2K+Flickr2K 0.9325 29.55 0.8876 35.47
DIV2K+Flickr2K 09325 2951 08871 35.39
DIV2K+Flickr2K 0.9328 29.53 0.8863 3547
HAT [ DIV2K+Flickr2K
CFAT-s (ours) DIV2K+Flickr2K  34.03 0.9323 29.57 0.8889 35.48
CFAT (ours) DIV2K+ Flickr2K
EDSR [ ] DIV2K 32.46 0.8968 27.71 0. 08033 31.02
DIV2K 32.64 0.9002 27.80 0.8094 31.42
0.9003 27.78 0. 3118

TmageNet = B 5
DIV2K-+Flickr2K 0.9043 27.95 0.8273 32.22
DIV2K+Flickr2K 0.9039 27.92 08271 31.03
DIV2K-+Flickr2K 0.9041 28.00 0.8332 32.44
DIV2K+Flickr2K 0.9051 27.97 0. 08321 3231
DIV2K+ Flickr2K 0.9055 27.99 0.8317 32.39
DIV2K+Flickr2K

CFAT-s (ours) DIV2K+Flickr2K  32.01 0.9045 27.99 0.8358 32.45
CFAT (ours) DIV2K+Flickr2K
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Visual Analysis
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Figure 6: Visual Comparison of CFAT with other state-of-the-art methods
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Local Attribute Map & Diffusion Index |dad CV
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Figure 7: LAM results and corresponding Diffusion Index for CFAT and various SOTA methods.
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Model Variants & Complexity

Analysis of CFAT based on channel counts.

Channels Params (M) Multi-Adds (G) PSNR/SSIM
192 25.01 102.6 28.18dB/0.7524

180 22.07 90.59 28.17dB/0.7524

144 14.35 59.22 27.99dB/0.7504

96 6.74 28.18 27.78dB/0.7469

Analysis of CFAT based on model size.

Models Params (M) Multi-Adds (G) PSNR/SSIM

CFAT-I 34.89 142.08 28.25dB/0.7531
CFAT 22.07 90.59 28.17dB/0.7524
CFAT-s 14.35 59.22 27.99dB/0.7504
CFAT-r 13.52 56.27 27.93dB/0.7498
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Model Variants & Complexity

Model comparison based on computational cost

Methods Params (M) Multi-adds(GMac) PSNR/SSIM

SwinlR 11.9 53.6 27.92dB/0.7489
ACT 46
ART 16.55
EDT 11.6
20.8 28.00dB/0.7517
22.07 28.17dB/0.7524
28.25
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Figure 8: Performance vs Complexity plot of CFAT compare to other state-of-the-art models.
Performance: PSNR (on X-axis) in dB. Complexity: Flops (on Y-axis) in G and Parameters
(area of the circle) in M
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v/ We propose a triangular window attention technique that smoothly integrates with
rectangular windows to eliminate boundary-level distortion and allows additional
non-identical shifting modes for activating more input pixels that participated in the
computer vision task.

v/ By incorporating the novel triangular window attention in dense, sparse, and shifted
configuration, CFAT outperforms the other state-of-the-art models qualitatively and
quantitatively.

Future Scope

4" Designing lightweight models for SISR using triangular window attention.
4" Exploring the model for other computer vision tasks.
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