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[Abstract]

This study proposes knowledge distillation (KD) method that minimizes the performance degradation
caused by lightweighting and quantization in super-resolution (SR) tasks. The method has been
redesigned to leverage simultaneously local and global feature information to maintain the detail
restoration performance, and has been optimized the network into the edge device for validations. The
spatial L1 loss function is used, in local level, to preserve the feature information such as boundaries,
textures, and fine patterns. Meanwhile, in global level, the 2D FFT-based frequency transformation is
employed to reflect the spatial characteristics and emphasize high-frequency components. This
considerations of semantic context and spatial structure in images ensures to preserve fine details and
structural consistency during the SR process. For verification, the network was optimized based on the
performance comparison across different active functions for real-time operation on edge devices, and
the local/global feature-based KD strategy was applied during initial training and quantization-aware
training (QAT) to minimize performance loss. As results in optimized network, the inference speed has
been improved by more than 7% on edge devices compared to the baseline. In our proposed method, it
showed less performance degradation up to 0.12%, whereas the conventional QAT-based quantized
models exhibited approximately 1.15% performance degradation in terms of PSNR. Thus, with our
proposal, high-quality SR can be achieved even with lightweight models.
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II. Preliminaries
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2.4 Techniques for Post-Training Quantization
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Fig. 1.

Example of Applying Quantization Operations for QAT
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III. The Proposed Scheme

3.1 Network Structural Design: Limitations and
Alternatives of Nonlinear Activation Functions
B2 Ashyst RDL AUt A7 2ol He 2oy
32 93l Pixel-wise attention AAH17]at T&of
SILU[18] 52t #2 vAg &/det 47t 2o E85
It} ReLU A|Ze] &g} g4 tjn] o HEofe A
e ABl &4 YolMe HR 24 Fol1, BE
F A7 2 s Al o QPR SE RSl
S J)Msta Qict
2{L} Pixel-wise Attention ﬁﬁ% LA o)A
E5ty, o= oMo s v
Attention mapg AAlefof sto2 gl\ 241} wea] H
ao] 7k Qlsl NPUOAQ] AlAZE 220 ofaich. 3l
Sigmoid 7|8 AR A] Clufo] 200} At Aol
AlRPRloloj A, 544 W2k 7X]+= Quantization -
FP32 Wt - DeQuantization 2P7gof|A] A4E = A4t
2 gate 24 opat

H.I

9O SEA
E!OO

29 958
i

Feat.Map;

Att. Map.

Fig. 2. Swift Parameter—free Attention Block (SPAB) in
SPAN, with computations within the attention map
contributing to faster processing
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Table 1. Performance Comparison Before and After
Quantization by Activation Function under the Same
Model
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Table 2. Comparison of Performance Across Model
Architectures (PSNR and Time), evaluated on NVIDIA
Orin AGX 32GB under a 15W power setting.
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Fig. 4. Knowledge Distillation Flow between Local and Global Features of the Teacher Model and the Student Model
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Fig. 5. Qualitative Comparison of the Model with and without Knowledge Distillation (at 2X scale—up). After applying the
technique, unnecessary artifacts in edge regions are reduced.
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Table 3. Quantitative Results by Dataset with and without the Proposed Knowledge Distillation Method (at

2% Scale-up)
Proposed Setb Set14 BSD100 Urban100 Manga109
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
0 34.94 0.9462 30.94 0.8917 30.26 0.8665 28.21 0.8832 32.95 0.9536
X 34.33 0.9407 30.52 0.8854 29.91 0.8512 27.31 0.8691 31.98 0.9454
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Table 4. Quantitative Performance Comparison of Models with and without Knowledge Distillation Based
on Local/Global Features (at 2X Scale-up). For each model, the original version applies the proposed
method, while networks other than LSRNet lack local blocks, so the loss is computed only from global

components
propsed Setb Set14 BSD100 Urban100 Manga109
model QAT
method | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
baseline 3494 | 09462 | 3094 | 0.8917 | 30.26 | 0.8665 | 2821 | 0.8832 | 32.95 | 0.9536
LSRNet | 0 3479 | 09443 | 3089 | 0.8889 | 30.21 | 0.8646 | 28.14 | 0.8827 | 32.91 | 0.9515
X 3449 | 0.9408 | 30.74 | 0.8856 | 30.09 | 0.8599 | 27.95 | 0.8797 | 3257 | 0.9481
baseline 3365 | 09352 | 30.03 | 0.8791 | 29.56 | 0.8532 | 27.14 | 0.8468 | 3157 | 0.9361
FSTﬁNN . 0 3335 | 09305 | 29.88 | 0.8749 | 29.42 | 0.8461 | 2697 | 0.8375 | 3124 | 09314
X 3316 | 09278 | 29.67 | 0.8721 | 29.34 | 0.8432 | 2688 | 0.8349 | 31.11 | 0.9287
baseline 3454 | 0.9407 | 3061 | 0.8836 | 29.96 | 0.8569 | 27.65 | 0.8676 | 32.13 | 0.9450
E%P AC]N . 0 3416 | 09384 | 3044 | 0.8825 | 29.56 | 0.8532 | 27.45 | 0.8615 | 32.01 | 0.9415
X 3402 | 09355 | 3021 | 0.8787 | 29.33 | 0.8501 | 27.33 | 0.8597 | 31.89 | 0.9387
baseline 3428 | 0.9419 | 3047 | 0.8779 | 29.95 | 0.8593 | 27.33 | 0.8676 | 32.12 | 0.9464
X[ﬁ]R . 0 3422 | 09377 | 30.41 | 0.8765 | 29.83 | 0.8559 | 27.26 | 0.8641 | 31.93 | 0.9414
X 3411 | 09356 | 3029 | 0.8706 | 29.69 | 0.8499 | 27.21 | 0.8613 | 31.79 | 0.9368
o baseline 3349 | 09336 | 3017 | 0.8728 | 29.49 | 0.8536 | 26.68 | 0.8553 | 31.66 | 0.9403
B'CHZ';:” 0 0 33.37 | 09315 | 30.14 | 0.8706 | 29.42 | 0.8515 | 26.61 | 0.8540 | 31.61 | 0.9387
X 3332 | 0.9301 | 30.06 | 0.8691 | 29.31 | 0.8501 | 26.41 | 0.8531 | 31.56 | 0.9365
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Fig. 7. Qualitative Comparison after Quantization with and without Local/Global Feature-based Knowledge Distillation
(at 2X Scale-up)
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IV. Conclusions

Fole x| Cstol A S0l AxZIoR &
Fsi4et we AAstn, 1A At U
aHole] A% Rate Flastel] glsh xlol/A

7hge At Atet 7]

w re
rre

e
N
g

2

o
=

B
I
(e}

7

o

rlo i
foa)
N
l—D:
>
o
=il

2,
dm 2
o
ftjo
2l
iC)
ol
on
8
1%
>
=
rE
of.
o9
o
o =

d
=
>
H
o
4>
rok
Jz
f ]
o,
)

fu

ﬂo - = 1o
to ko 12 o
-+
im
rr

Jo > cE 12 o

>

=
S )
o L E

2,

ol

o
AL
£ oY

b
ok
ro
ol
i)

dz

1o
=2 >
>
o

b
ol
1
ofl
N
zE
=,
X
= orr
)
19,
o im
o2
1o
o

rp-
Tt

=

o 1o
-
A

Frone o
e
[i2a)
i)
|o
U
19
i)
_OL
H1
dfu
_OL
8,
|o
=

o
=

N

(W)

K
i)
=

Ju rEr
o

rok ofm
:XOL_I“

g
4>

oo M

to mo rp-

4n
=
-
=)
=
>«
|
fu
T M1

_,4
L o8 o
ol
i)
rg
o >

ofr Jm
14 ox

oN
o
el
H1

mo 3 rok
_'\i [e]
)
j% =,

i
0 et
4
ne o,
de 2
e 1e s [

2 ox of P 1o
M A

19,
~
[2)
19,
d|m
2
N
l—D:
A
1>
M
IC|
lo
o
ot

=,
ro o

i l-Oll

i
o
e
2
H

o ©
=)
a)
e =
]
=)
22

o]
=i
22 2

g7

U
¢
fujo
NI
)
r
ol
oL
=X
ol
Rl
=

2% o

g

OO

g 3
Z o B

u
r

P
M
1] n I'P,L |_,>,|

b g

rO
(Rl
I

o
=,
ofl o

ox
Jo £
T}
N O
N
dje
(o]
1%

ne
P o
s
l‘[[‘
fol
i)
22
rO
by
:XOL_I“
O)"
&)

l-olt Uol‘
-
RN

r>~
ftjo
H1
19
ol
ol
2
re.
&
fol
o
oz,
fujo
o
o5
>
b
)
=)
i

o ofm 12 4
ol
1
X,
o e
P
[e]]]
1
ox

>-
<
rO
(o)
= ox

I

3 o
£ 3

]

£ e

og
Da)
=
ket

-
oX o
M 2

< rp

>

ox
ol
ok
rr
o
)
N
=~
s}
32
-
ro
re
-
=
o)
rr
o)
o

2
olr
Y

—_

X oo oox Ry
Er?i OF'—
19 Mo
00 =,
X é@ ju
o T
|li‘_J|-IIl'LI
r%l‘EOlr
[oh <
o X =
X 1z Ao
ol
40 oy =
n Qo
L
EE N
g
o '8
ok o
B
I
o2
=
Ra)
19

i) Ei
i)
i
Uo
%h
2
o
ol E‘
W o

Agsteict 1

Tt

o

ok

Lrbtrb
4y M
i

& o
Ir
o
o
Ph
[e]]]
1
ox
for
a
e
e
d
N
D)
Ir
=] rok
)
Ya Rl

1
-
/RAAY E0M e ATz NFd e =Y

i

30,
rlr
N
oF -
o_>,_“ [oh

o
=,
>
ol
o
4%
O_?lﬁ r
ot
re
-+
=
o)
rlr
n}
pre)

O,
ok

R N LR )
=i
-
J
U

S~
2 =g
olm [ o
)
£
)
ok
o=
olr
o,
IS
o
OO
ot
oy
>
o
w2t
o
olr E
[~
0
ol o

o o
o
:Oxl_l“
>
o
olr
ol
I
T
z
cE
1o
o
oo
N
i,
r
2
o
oY
o
s
=2
o
o)

REFERENCES

[1] Dong, C., Loy, C. C., He, K., Tang, X., "Image Super-Resolution
Using Deep Convolutional Networks," IEEE Transactions on
Pattern Analysis and Machine Intelligence, Vol38, No.2,
pp.295-307, Feb. 2016. DOI: 10.1109/TPAMI.2015.2439281

[2] Lim, B., Son, S., Kim, H., Nah, S., Mu Lee, K., "Enhanced Deep
Residual Single
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR) Workshops, pp.136-144, Honolulu,
USA, July 2017. DOI: 10.1109/CVPRW.2017.151

[3] Zhang, Y., Li, K, Li, K., Wang, L., Zhong, B., Fu, Y., "Image
Super-Resolution Using Very Deep Residual Channel Attention
Networks," European Conference on Computer Vision (ECCV),
pp-286-301, Munich, Germany, Sept. 2018. DOL: 10.1007/978-3-
030-01234-2 18

[4] Liang, J., Cao, J., Sun, G., Zhang, K., Van Gool, L., Timofte,
R., "SwinIR: Image Restoration Using Swin Transformer," IEEE

Networks ~ for Image Super-Resolution,"

International Conference on Computer Vision (ICCV) Workshops,
pp-1833-1844, Montreal, Canada, Oct. 2021. DOI: 10.1109/
ICCVW54120.2021.00210

[5] Lee, J. W., Yoon, S. W., Lee, K. C., "Transformer-Based Deep
Learning Models for ERS SAR Image Super-Resolution," Korean
Journal of Remote Sensing, Vol.41, No.1, pp.143-152, Feb. 2025.
DOL: 10.7780/kjrs.2025.41.1.12

[6] Chen, X., Wang, X., Zhang, W., Kong, X., Qiao, Y., Zhou, J.,
Dong, C., "Activating More Pixels in Image Super-Resolution
Transformer," Proceedings of the IEEE/CVF Conference on
Computer ~ Vision and Pattern  Recognition (CVPR),
pp-22367-22377, Vancouver, Canada, June 2023. DOI: 10.1109/
CVPR52729.2023.02148

[7] Jacob, B., Kligys, S., Chen, B., Zhu, M., Tang, M., Howard, A.,
Adam, H., Kalenichenko, D., "Quantization and Training of Neural
Networks for Efficient Integer-Arithmetic-Only
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pp.2704-2713, Salt Lake City, USA,
June 2018. DOL: 10.1109/CVPR.2018.00286

[8] AMD Research, "Best Practices for Post-Training Quantization
(PTQ)," AMD Quark PyTorch Documentation, https://quark.docs.
amd.convlatest/pytorch/quark torch best practices.html

[9] Kim, J., Lee, J. K., Lee, K. M., "Accurate Image Super-Resolution
Using Very Deep Convolutional Networks," Proceedings of the

Inference,"

IEEE Conference on Computer Vision and Pattern Recognition

(CVPR), pp.1646-1654, Las Vegas, USA, June 2016. DOI: 10.
1109/CVPR.2016.182

[10] Ren, B., Guo, H., Sun, L., Wu, Z., Timofte, R., Li, Y., Zhang,

Y., Chai, X,, Cheng, Z., Qin, Y., Yang, Y., Song, L., Yu, H,,

Xu, P., Wan, C., Huang, Z., Guo, P., Cui, S., Li, C., Hu, X,,

Pan, P., Zhang, X.,ss Zhang, H., Luo, Q., Jiang, L., Lei, H., Gao,



48 Journal of The Korea Society of Computer and Information

Q., Li, Y., Luo, W, Li, T., Wang, Q., Liu, Y., Wang, Y., An,
H., Zhang, L., Zhao, S., Song, L., Sun, L., Pan, J., Dong, J.,
Tang, J., Wei, J., Wang, M., Guo, R., Wang, Q., L, Q., Cheng,
Y., et al., "The Tenth NTIRE 2025 Efficient Super-Resolution
Challenge Report," Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops (CVPRW),
pp.1-15, Vancouver, Canada, June 2025. DOI: 10.48550/arXiv.
2504.10686

[11] Hinton, G., Vinyals, O., Dean, J., "Distilling the Knowledge in
a Neural Network," arXiv preprint arXiv:1503.02531, 2015.

[12] Mansourian, A. M., Ahmadi, R., Ghafouri, M., Babaei, A. M.,
Badali Golezani, E., Yasamani Ghamchi, Z., Ramezanian, V.,
Taherian, A., Dinashi, K., Miri, A., Kasaei, S., "A Comprehensive

Knowledge Distillation," preprint
arXiv:2503.12067, 2025. Available at: https://arxiv.org/abs/2503.
12067

[13] Zhang, Y., Chen, H., Chen, X., Deng, Y., Xu, C., Wang, Y.,
"Data-Free Knowledge Distillation for Image Super-Resolution,"

Survey  on arXiv

Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), pp.7852-7861, Nashville, USA,
June 2021. DOI: 10.1109/CVPR46437.2021.00776

[14] Hoo, V., "FAKD: Feature-Affinity Based Knowledge Distillation
for Efficient Image Super-Resolution," IEEE International
Conference on Image Processing (ICIP), pp.1726-1730, Abu
Dhabi, UAE, Oct. 2020. DOI: 10.1109/ICIP40778.2020.9191212

[15] Fuoli, D., Van Gool, L., Timofte, R., "Fourier Space Losses for
Efficient Perceptual Image Super-Resolution," Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV),
pp.2340-2349, Oct. 2021. DOI: 10.1109/ICCV48922.2021.00236

[16] Gholami, A., Kim, S., Dong, Z., Yao, Z., Mahoney, M. W.,
Keutzer, K., "A Survey of Quantization Methods for Efficient
Neural Network Inference," arXiv preprint arXiv:2103.13630,
2021. Available at: https://arxiv.org/abs/2103.13630

[17] Wan, C., Yu, H., Li, Z., Chen, Y., Zou, Y., Liu, Y., Yin, X,,
Zuo, K., "Swift Parameter-free Attention Network for Efficient
Super-Resolution," Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops (CVPRW),
pp.1710, Seattle, USA, June 2024. DOI: 10.48550/arXiv.2311.
12770

[18] Elfwing, S., Uchibe, E., Doya, K. "Sigmoid-Weighted Linear
Units for Neural Network Function Approximation in
Reinforcement Leamning," Neural Networks, Vol.107, pp.3-11,
2018. DOI: 10.1016/j.neunet.2017.12.012

[19] He, K., Zhang, X., Ren, S., Sun, J. "Delving Deep into Rectifiers:
Surpassing ~ Human-Level  Performance on  ImageNet
Classification," Proceedings of the IEEE International Conference
on Computer Vision (ICCV), pp.1026-1034, 2015. DOI:
10.1109/1CCV.2015.123

[20] Shi, W., Caballero, J., Huszar, F., Totz, J., Aitken, A. P., Bishop,

R., Rueckert, D., Wang, Z., "Real-Time Single Image and Video
Super-Resolution Using an Efficient Sub-Pixel Convolutional
Neural Network," Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), pp.1874-1883, Las Vegas,
USA, June 2016. DOI: 10.1109/CVPR.2016.207

[21] Babu, A., Touvron, H., Vedaldi, A., Lanchantin, J., "XLSR:
Cross-Scale Cross-Reference for Efficient Super-Resolution,"
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), pp.4186-4196, New Orleans,
USA, June 2022. DOI: 10.1109/CVPR52688.2022.00416

[22] Bilecen, B. B., Ayazoglu, M., "Bicubict++: Slim, Slimmer, Slimmest
— Designing an Industry-Grade Super-Resolution Network,"
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition Workshops (CVPRW), pp. 1-10,
Vancouver, Canada, June 2023. DOI: 10.48550/arXiv.2305.02126

[23] Agustsson, E., Timofte, R., "NTIRE 2017 Challenge on Single
Image Super-Resolution: Dataset and Study," Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW), pp.126~135, Honolulu, USA, July 2017.
DOI: 10.1109/CVPRW.2017.150

[24] Liang, J., Zhang, K., Van Gool, L., Timofte, R., "LSDIR: A
Large-Scale Dataset for Image Restoration," Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW), pp. 1-10, Vancouver,
Canada, June 2023. DOIL: 10.48550/arXiv.2305.03045

[25] Bevilacqua, M., Roumy, A., Guillemot, C., Alberi-Morel, M. L.,
"Low-Complexity Single-Image Super-Resolution Based on
Nonnegative Neighbor Embedding," Proceedings of the British
Machine Vision Conference (BMVC), pp.1~10, Surrey, UK, Sept.
2012. DOI: 10.5244/C.26.16

[26] Zeyde, R., Elad, M., Protter, M., "On Single Image Scale-Up
Using Sparse-Representations," Curated Technical Report, pp.1~
11, Israel, 2010. Website. http://www.cs.technion.ac.il/~elad/
publications

[27] Martin, D., Fowlkes, C., Tal, D., Malik, J., "A Database of Human
Segmented Natural Images and Its Application to Evaluating
Segmentation Algorithms and Measuring Ecological Statistics,"
Proceedings of the IEEE International Conference on Computer
Vision (ICCV), pp.416=423, Vancouver, Canada, July 2001. DOI:
10.1109/ICCV.2001.937655

[28] Huang, J. B., Singh, A., Ahuja, N., "Single Image Super-Resolution
from Transformed Self-Exemplars," Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition (CVPR),
pp.5197-5206, Boston, USA, June 2015. DOI: 10.1109/CVPR.
2015.7299156

[29] Fujimoto, D., Ogawa, T., Yamasaki, T., Aizawa, K., "Manga109
Dataset and Creation of Metadata," Proceedings of the IEEE
MultiMedia Information Processing and Retrieval (MIPR), pp.484
—487, Miami, USA, April 2019. DOI: 10.1109/MIPR.2019.00098



Minimization of Performance Degrading in Lightweight and Quantized
Super-Resolution Models Through Feature-based Knowledge Distillation 49

Authors

Ho-min Jung received the B.S. degree in

Information and Communication Engineering
from Sunmoon University, Asan, South Korea,

- in 2017, and the M.S. degree in Electrical
)\ . and Electronic Engineering from Kyungpook
fa

National University (KNU), Daegu, South Korea, in 2021. He
is currently a Researcher with the S/W Team (Intelligent),
Hanwha Systems Co., Ltd., Seongnam, South Korea. His
current research interests include super resolution, quantization

and optimization in AL

Tae-Young Lee received the B.S. degree in
information and control engineering from
robotics school, Kwangwoon University, Seoul,
South Korea, in 2009, and the M.S. degree in

control and instrumentation engineering from

robotics school in Kwangwoon University, Seoul, South Korea,
in 2011. He is currently a Senior Researcher with the S/W
Team (Intelligent), Hanwha Systems Co., Ltd., Seongnam,
South Korea. His current research interests include object
detection, object tracking and segmentation with deep Learning

also generative Al

Byung-In Choi received the B.S., M.S., and

Ph.D. degrees in electronic engineering from

Hanyang University in Seoul, South Korea, in
2001, 2003, and 2008, respectively. He is
currently a Leader of the S/W team(Intelligent)

Hanwha Systems Co., Ltd., Seongnam, South Korea. His
current research interests include object detection, object

tracking, and super resolution.



