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Motivation

* The RGB value at x, can be predicted by directly ensembling
its neighborhood information

1(xq) = z Wiy f(Zij Xq — Xy )
(i,j)€T

* w; ; = bilinear interpolation 4. o) L o
» no learnable parameters N F
* neglects the similarity of features A2 e
* ' . Z10 A% Z1g Z14
* Z;; has only neighboring features
St _
LIIF: Wi,j — Wi,j = !



Forecast

This work designs a new implicit model to generate continuous scale images
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Continuous Implicit Attention-in-Attention Network

Continuous Implicit Attention-in-Attention Network sWxsH
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Continuous Implicit Attention-in-Attention Network

Continuous Implicit Attention-in-Attention Network SWxsH
SR image
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latent codes, we predict RGB values
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- ¢q (zteT(xq) O-(QTKt)Vt)

(Q — F*
K = ¢k([Fi,j; (Tk)i,jrs])
V=0, ([[Fi,j' Fyjl, (’”v)irf'SD

5

A

\



Scale-aware Attention Network

Given a local feature F, we first downsample F with smaller scale, then
calculate non-local features,

~T =
— eXp(Qi,jKu,v) =s'pxs'p
Fi,j = @ AT 77 Vs’u, s'v
- Zu’,v’ exp(Qi,jKu',v')
Quel’y, Key and Value for Scale-aware Attention Network
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Experiment Results

» Datasets:
 Training set: DIV2K (with continuous scales [1, 4])
 Testing set: Set5, Set14, B100, Urban100, Manga109

« Backbones:
« RDN, SwinIR

« Compared methods:
 MetaSR, LIIF, ITSRN, LTE



Quantitative Results

Methods Set5 [ 7] Set14 [20] B100 [46] Urban100 [29] Mangal09 [+7]

X2 %3 x4 2 A x4 X2 X3 x4 X X3 x4 D2 %3 x4
RDN [85] 38.24 3471 3247 | 34.01 3057 28.81 | 32.34 29.26 27.72 | 32.89 28.80 26.61 | 39.18 34.13 31.00
RDN-MetaSR [2¥] 38.22 3463 3238 | 3398 30.54 2878 | 32.33 29.26 27.71 | 3292 28.82 26.55 - - -
RDN-LIIF [1 3] 38.17 34.68 3250 | 3397 3053 28.80 ( 32.32 29.26 27.74 | 32.87 28.82 26.68 | 39.26 34.21 31.20
RDN-ITSRNT [79] 38.23 3476 3255 | 34.19 30.59 28.88 | 32.38 29.32 27.79 | 33.07 2896 26.77 | 39.34 3439 31.37
RDN-LTE [39] 38.23 3472 32.61 | 34.09 30.58 28.88 | 32.36 29.30 27.77 | 33.04 2897 2681 [ 39.28 34.32 31.30
RDN-CiaoSR (ours) 38.20 3485 32.66 | 34.22 30.65 28.93 | 32.41 29.34 27.83 | 33.30 29.17 | 27.11}| 39.51 34.57 31.57
SwinIR [40] 38.35 3480 32.72 | 34.14 30.77 28.94 | 32.44 29.37 27.83 | 33.40 29.29 | 27.07 || 39.60 3474 31.67
SwinIR-MetaSR [25] 38.26 3477 3247 | 34.14 30.66 28.85 | 32.39 2931 27.75 | 33.29 29.12 26.76 | 39.46 34.62 31.37
SwinIR-LIIF [13] 38.28 34.87 3273 | 34.14 30.75 2898 | 32.39 29.34 27.84 | 33.36 29.33 27.15 | 39.57 34.68 31.71
SwinIR-ITSRNT [79] 38.22 3475 32.63 | 3426 30.75 2897 | 3242 2938 27.85 | 3346 29.34 27.12 | 39.60 3475 31.74
SwinIR-LTE [39] 38.33 34.890 32.81 | 34.25 30.80 29.06 | 32.44 29.39 27.86 | 33.50 29.41 27.24 | 39.63 3479 31.79
SwinIR-CiaoSR (ours) || 38.38 34.91 32.84 | 34.33 30.82 29.08 | 32.47 29.42 27.90 | 33.65 20.52 2742 | 39.67 3484 3191
Methods Set5 [1] Set14 [80] B100 [16] Urban100 [29] Mangal09 [17]

X6 %8 23l 174 X6 X8 yl 17 X6 X8 x12 X6 X8 yed X6 X8 x12
RDN-MetaSR [28] 29.04 29.96 - 26.51 24.97 - 2590 24.83 - 23.99 22.59 - - - -
RDN-LIIF [13] 29.15 27.14 24.86 | 26.64 25.15 23.24 | 2598 2491 23.57 | 2420 2279 21.15 | 27.33 25.04 22.36
RDN-ITSRNT [79] 20.32 27.25 24.86 | 26.68 25.17 23.28 | 26.01 2493 23.58 | 2423 22.81 21.16 | 27.45 25.04 23.35
RDN-LTE [3Y] 20.32 2726 24.79 | 26.71 25.16 23.31 | 26.01 2495 23.60 | 2428 22.88 21.22 | 27.49 25.12 22.43

RDN-CiaoSR (ours) 2046 27.36 2492 | 26.79 25.28 23.37 | 26.07 25.00 23.64 | 2458 23.13 2142 | 27.70 2540 22.63
SwinIR-MetaSR [25] 20.09 27.02 24.82 | 26.58 25.09 2333 | 2594 24.87 2359 (24.16 2275 2131 | 27.29 2496 22.35

SwinIR-LIIF [13] 29.46 27.36 - 26.82 25.34 - 26.07 25.01 - 2459 23.14 - 27.69 25.28 -
SwinIR-ITSRNT [79] 29.31 27.24 2479 | 2671 25.32 2330 | 26.05 24.96 23.57 | 2450 23.06 21.34 | 27.72 2523 2247
SwinIR-LTE [39] 29.50 27.35 26.86 25.42 - 26.09 25.03 - 24.62 23.17 27.83 2542

SwinIR-CiaoSR (ours) || 29.62 2745 24.96 | 26.88 2542 23.38 | 26.13 25.07 23.68 | 24.84 23.34 21.60 | 28.01 25.61 22.79

» CiaoSR achieves the best performance with all backbones on
both in-scale and out-of-scale distributions



Qualitative comparison
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* Our model is able to synthesize the SR images with sharper
textures than other methods



Ablation Study

Table 4. Ablation study on each component of our networks on Table 5. Ablation study on training our implicit model with different types of
Urban100. We use RDN [5#£] as the backbone.

scales on Urban100.

Attention-in-attention X v v Ty Trainine scale s In-scale Out-of-scale
Scale-aware Attention Network X X v PE & D x3 x4 x 6 x 8
%2 32.87 33.24 33.30 s € {2} 33.13 27.01 25.60 2227 22.09
In-scale x3 28.82 20.10 29.17 Pl s € {3} 31.39 29.06 257 23.44 22.16
x4 26.69 26.96 27.11 s € {4} 31.42 27.87 26.88 24.28 22.85
P—— % 6 24.22 24.50 24.58 s € {2,3,4} 3315 29.14 27.02 24.47 23.03
%8 22.80 22.08 23.13 Continuous se|l,4 330 2997 ZI.u 2458 23.13

Table 6. Comparison of (PSNR and SSIM) for different synthesis Table 7. Comparisons of model size, inference time and performance gain
steps on Urban100 [29] and Manga109 [47].

of different models.

. Urban100 [29] | Mangal09 [47] Different models Meta-SR [25] LIF [13] ITSRN [79] LTE [39] CiaoSR
S SynhesiSSPS || PSNR | SSIM | PSNR | SSIM_ “ModsTsize (VD L7 6 0.7 17 14
Miltiphaien —+x2—+x4—x12 || 21.28 | 0.557 | 2246 | 0.720 Inference time (ms) 237 171 343 148 528
—x2—+%x12 21.32 | 0.558 | 22.53 | 0.721 PSNR (dB) 26.55 26.68 26.77 26.81 27.11
One step —x12 21.42 | 0.561 | 22.63 | 0.723 Performance gain (dB) -0.06 0.07 0.16 0.2 0.5

 Training with continuous scales can boost the performance
« Synthesis with one step is better than more steps

» Best performance, but with more inference time
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Summary

* New architecture:

* Propose a novel continuous implicit attention-in-attention network for

arbitrary-scale image super-resolution

27.42

27.11 27.07

* Best performance: 276
» Outperform all state-of-the-art methods ;")

- Good generalization ability: 220
 Generalize well on both in-scale and 266|_ g

out-of-scale distributions
* Good flexibility and applicability:

RDN

26.81
26.68 .

RDN-LIIF  RDN-LTE RDN-CiaoSR SwinlR SwinlIR-CiaoSR

« Can be used behind any SR backbone to boost the performance
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Thanks for your attention!



