Plug-and-Play Dynamic In-context Learning with Stochastic Regularization
for Screen Content Image Super-Resolution

Supplementary Material

1. Overview

In this supplementary material, we primarily elaborate on
the conventional local implicit functions in the SCI SR task.
We also analyze the impact of hyperparameters in our DIL
and StRe, their effectiveness on natural images, and present
additional visualization results.

2. Up-sampling Implicit Functions

Previous work focused on designing up-sampling implicit
functions, such as ITSRN [7], which directly map the co-
ordinates and up-scale to latent features. Other methods in-
clude LTE [4], which uses Fourier transforms to represent
dominant frequency information in the frequency domain
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where g, : R? — R2*¥, g; : R - RY*2, and g, :
R?2 — R? are learnable estimators for amplitude, fre-
quency, and phase, respectively. j € C' is the queried
coordinate, F € R"#*"Wxd denotes the upsampled fea-
tures obtained from F' through nearest-neighbor interpola-
tion. & = [8",8“] € R? is a local-grid coordinate that
denotes the relative coordinate between the query j and its
nearest neighbor in the LR input. ¢ € R? is the cell size
(= 2/r). And BTC [6] that utilize B-spline basis with pos-
itive constraints and compact support to preserve disconti-
nuities in SCIs, which can be formulated as
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where 3" denotes n-th order B-spline functions. g. : R? —
Rd', gt RT — RQ\/‘?, and g4 : R? — RV are learnable
and control the coefficient, knot and dilation of B-spline ba-
sis, respectively. For a more detailed explanation, please
refer to their original text.

3. Performance on Nature Images

Although our method is tailored for screen content images,
we have also tested it on natural images. We train the LTE-
based [4] method (i.e., LTE+Ours) on the DIV2K [1] (in-
cluding 800 natural images) dataset and evaluated it on Set5

Train set: DIV2K In-scale Out-of-scale

Test set Method X2 X4 X 6 X8
LTE 3823 32.61 29.32 27.26

Set5 LTE+DIL 38.19 3256 29.33 27.24
(n=25) LTE+StRe 38.44 3273 29.38 27.32
LTE+DIL+StRe 38.34 3259 29.34 27.27

LTE 34.09 28.88 26.71 25.16

Setl4 LTE+DIL 34.11 28.80 26.70 25.13
(n = 14) LTE+StRe 3425 28.89 26.83 2527
LTE+DIL+StRe 34.21 28.87 26.77 25.19

LTE 3236 27.77 26.01 24095
B100 LTE+DIL 3233 27.76 2595 24.89
(n = 100) LTE+StRe 3247 2791 26.17 25.08
LTE+DIL+StRe 3241 27.80 26.08 25.00

LTE 33.04 26.81 24.28 22.88
Urban100 LTE+DIL 33.04 26.82 24.25 22.86
(n = 100) LTE+StRe 33.21 2698 2435 2294

LTE+DIL+StRe 33.10 2691 2433 22.88

Table 1. Performance on natural image benchmarks. We utilize
LTE as our base method and train on DIV2K.
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Figure 1. More visualization on SCI1K.

[2], Set14 [8], B100 [5], and Urban100 [3]. The results are
presented in Tab. 1. Our results indicate that DIL is not
suitable for natural images. This is likely because it is dif-
ficult to find similar elements in a natural image, making
it challenging to leverage structural similarities for super-
resolution. However, our StRe method still demonstrates
good performance improvements on natural images, sug-
gesting its potential in addressing frequency imbalance is-
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Figure 2. More visualization on SCID.

TheCltyof %y of M The City of k| The City of M
edm19 'u-h-an formed In 1% formed In 19

Horeland Ci
Counci profile

heCty ot sl s
fomediSty e

s Rt LR Input ITSRN ITSRN+Ours
‘3 besieniis The City of M The City of b| The Clty of M The City of M
l TH]) formed m 19{ formed In 19 for-nad n 19{ formed in 19!
WE‘T “B LTE+Ours BTC+Ours

1 presidential palace attacke

Brazil leader pr ®»wss wsser po| Brazil leader prj| Brazll leader pr|

Brazil's President D hurts Prezdent D|| Brazifs Proaidont D
boost spending and boool spandng and|| booat spending and
HR LR Input ITSRN ITSRN+Ours
Brazil leader pr| Brazl leader pr| Brazil leader prj| Brazil leader pr
Diyai'a Prowdent D|| Braaio Promdent Dff Branfs Piomdant Df| Brazil's President D)
hooal spendng and|| boaol opondng and|| booot spanding and|| boost spending and
LTE LTE+Ours BTC BTC+Ours
JUST 99¢ ( JUSTT iy JUST Sedg [
=l FOR FOURW FOH POUT W FOB POUT WY
GET UNLIMITED ACH - ] W —— ey ]
HR LR Input ITSRN ITSRN+Ours
JUST g [\| JUKT $iq 1 JULT 9riq I\ JUST 994 (|
roa POUY Wil FOR POUW W FOB POUT WY FOR FOUR Wi
- ——— |
LTE LTE+Ours BTC+Ours

Figure 3. More visualization on SIQAD.

sues in these images to some extent.

4. Addtional Visualization

Fig. 1, 2 and 3 present additional visualization compar-
isons. These results demonstrate that our methods ef-
fectively address the limitations of existing methods that
overemphasize local information, thereby significantly im-
proving super-resolution performance.
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