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Abstract: Objective Driven by standards such as moving picture expert group (MPEG) , H. 26x, audio video coding stan-
dard (AVS), and AOMedia video (AVx), video coding technology has evolved significantly over the past 3 decades.
These standards commonly adopt a block-based hybrid framework that improves compression efficiency through spatial/tem-
poral prediction, adaptive entropy coding, and rate-distortion optimization. However, lossy compression inevitably intro-

duces artifacts such as blurring, blocking, and ringing. Traditional encoders address these issues using hand-crafted fil-
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ters, such as a deblocking filter, a sample adaptive offset, an adaptive loop filter, a constrained directional enhancement
filter, and loop restoration. Deep neural networks, offering superior performance due to their nonlinear representation
power, have been recently introduced to replace rule-based filters. However, existing models often require large parameter
counts and substantial memory, thereby limiting their deployment on mobile devices. This work addresses these challenges
by introducing a compact, deployment-friendly neural network loop filter tailored for mobile and edge environments.

Method We propose a lightweight and deployment-friendly approach built on a U-Net backbone to tackle the challenges of
high memory consumption, slow inference speed, and poor hardware compatibility in neural network-based loop filtering.

The network adopts an encoder-decoder structure with progressive downsampling to reduce interblock complexity and over-
all computational cost. Structural reparameterization is employed to optimize the network further for deployment: During
training, multibranch convolutions enhance feature representation capacity, whereas at inference, they are merged into
single-branch standard convolutions to minimize operator dependencies, simplify execution, and reduce intermediate
memory usage. A key challenge of U-Net architectures is the memory overhead caused by long skip connections, given that
feature maps from each encoder stage must be stored for later use. We address this bottleneck by designing a multiscale fea-
ture fusion and compression module. First, encoder features from all stages are compressed via pointwise convolutions and
spatially aligned at the smallest resolution using downsampling. Then, these features are concatenated along the channel
dimension and undergo a second compression stage to generate a compact and expressive representation. In the decoder,
this representation is reconstructed to its original resolution and further enhanced using reparameterized convolutional
blocks. This design significantly reduces peak memory consumption while preserving feature fidelity and improving filtering
quality, effectively achieving a joint optimization of memory footprint, inference speed, and reconstruction performance.

The entire network is trained end-to-end by taking image residuals as input and using mean squared error as the loss func-
tion. Finally, the trained model is embedded into the AOMedia Video 1(AV1) encoder pipeline and combined with an R-D
cost optimization strategy to select the optimal filtered frames adaptively during the loop filtering stage , thereby improving
overall coding efficiency under real-world video coding scenarios. Result Extensive experiments conducted within the
AV lencoding framework demonstrate that the proposed method achieves a —5. 09% BD-rate (Bjgntegaard delta rate) with
77 frames/s at 1 080 P in intraframe prediction and a —4. 32% BD-rate in interframe prediction, thereby providing a quanti-
tative evaluation of its performance. In particular, under intraframe prediction, our model attains an average BD-rate reduc-
tion of =5.09%. This finding indicates that our model outperforms most competing methods, such as variable-filter-size
residue learning convolutional neural network (VRCNN) ( -3.48%) , MobileNetV2 ( -2.66%) , and RepSR (re-
parameterization super resolution) ( =3.81%). Moreover, it achieves —5.52% and - 6.75% in ClassAl (4 K) and
ClassA3 (720 P), respectively, thereby demonstrating strong performance across both high- and mid-resolution content.

Under interframe prediction, the proposed method maintains competitive performance with an average BD-rate reduction of
-4.32%, closely matching the average BD-rate reduction of deep semi-smooth newton network (DeepSN-Net) (-4.35%)
while exhibiting stable results across test sequences. For instance, in ClassAl, our model attains a larger gain (4. 61%)
than all other baselines. In ClassA3, where DeepSN-Net achieves the highest gain (=6.23%) , our model still performs
comparably (=5.77%) with low fluctuation across resolutions. Moreover, the model’ s peak memory consumption during
the M_, (memory of skip connection 3) stage is reduced from 27. 69 MB to 1. 73 MB, indicating a 93. 75% decrease, by
adopting the feature compression strategy with compression coefficients a1 = a2 = a3 = = 0. 5. This substantial reduction is
critical for deployment on resource-constrained platforms. When deployed on a Snapdragon 8 Genl neural processing unit
(NPU), the model processes 1 080 P video at 77 frames/s with a peak memory usage of only 55 MB. This finding confirms
the model’ s suitability for real-time mobile inference under strict memory and latency constraints. Conclusion The light-
weight neural network loop filtering method proposed in this work effectively balances compression efficiency , memory foot-
print, and inference speed, thereby delivering an integrated solution tailored for mobile and edge device deployment. Com-
pared with the existing state-of-the-art neural network video coding models, our approach achieves competitive or superior
coding gains while drastically reducing resource consumption, particularly in peak memory usage and inference latency.

This combination of high performance and deployment friendliness makes the proposed method highly suitable for real-time

video processing scenarios on mobile devices equipped with neural network accelerators. Our results validate the practical
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viability of structurally reparameterized convolution modules combined with feature fusion compression in mitigating

memory bottlenecks and accelerating inference without sacrificing reconstruction quality. This work provides a promising

direction for advancing neural network video coding technologies toward widespread adoption in mobile and edge com-

puting environments to enable enhanced video quality and efficient bandwidth utilization with low power and resource

demands.

Key words: loop filtering; feature compression; mobile deployment; AOMedia Video 1 (AV1) ; structural re-

parameterization ; neural network model optimization ; low memory footprint; low latency
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Fig. 1 Rate-complexity trade-off of loop filtering networks
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1 B R BN A R SRR EA T 0 A, R R I
— AR R K e (0, 11,38 45 [k 46 18 18 2k 2 DAFEAR
TUAR e BB A AR 22 N R SE— 4 i
1) i ) 8 A S P4 B /N 73 RS 58 IS ()R 5 A REAE
P e 3 A8 P AT DR SRS R R R 5 o fix
J5 L BIAESE ZEB e (0, 1], X BHERHIE 5L — R
A6, A O BB R RFIE R o TEAH L A SRS 25 T B
K A ) S R AR o WU SRR hy A U
Ja s R —dd ZHAE BRI T RHIE I 58, e
i h RS 22 RUEE bR SO B RS SR RHE

i AR A g R N A R

H W a M,
ME;:alXZXZXC= 116F

H W a,M,
ME;=012XZXZX2C: ZSF (4)

H W o, M,
MF;=a3XZXZX4C: 34F‘

o, M, FRORTE N FHRRE 45 5 A S G i 25 4
TE N AE b o, 27 5% 1 .46 B B 9 e 48 2R 48K,
BAIRRE B B R4 28
LR AR Rl TR AR BT, AT A 3 A B By
WAFd L Bl
M= a M, (o, +2a,)M,; (a,+ 20, +4a;)M,
¥ 16 ° 16 ’ 16
K AT N ICERIC R M, RRTEN R
FEGRRA AT  BERYES § A~B B ™ A i Bk BRI 2 F
TEE R A T . i = 3 IS A BERL ) DY A7 5
IR B IEEAR
PRI, XoF e B A B B A 4 41 54
_Ja a, +2a, Bla, +2a, +4a,)
16> 24 7 28
T A RURAR T U-Net HH K BEER & 3 S 3000
WAETHAE, 8T TR Y NAARICR . IR 48
MR 22 RO BOF SOfE B Ry Jkah b, se il 1 5%
GE kIR FE S A AR S B A PR RE OO E N AT A |
BT ILE & M T ahom G 5t 2 IR 5.

®

3 XWERSH

3.1 HUEE

fif I DIV2K $ s 2 A0 @ I SRR TSR . &
S, B DIV2K 09 fir A G G 45 YUV A% X PR R
FEAR AR T, SRS A FH At #5876 i BN R 45
X, A AR B i 3K T Bl AOM
(alliance for open media) 5 1 T4 2 18 A ) o 1)
AVM(AOM video model )& € MiAS v3. 0. 0.

IR AEAE SR AD IR BE AL B b SN REMR e e —
2, MR AE L [ Class A1—AS, 3t 5 5 FREITF 51,
75 Z o BER N A5 138 4 KA T |
1 080 P(22 4~ F#51) . 720 P(81NF41)) .360 P(6 1%
G A 270 P(4AFS) o BT 5 3 G 2L 30 M
VERDAREA . % 3 55 A 20 B 2R 45 98
FONERERN A NG RBIZ I 2R EBRN A,
AR T T AR AR Sy BRI 5 1S
PESZ iR .
3.2 ZWigE

YIZRET , BUSAEAS B B AL BT AL 128 x 128158 %
[ KNI B . SR B Adam 15 Ak 2% X6 45 80 3545400
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b, BFEIEAT 20 TR WA AN 1 x 107,
it T 2% 5% R ok R B A5 R 2 S R D B 1 X 107,
HERKNE T 64

AR SCSE B Y BB AE Intel Core i7-8770k CPU
@ 3.70 GHz .32 GB N7 F1 NVIDIA GeForce 2080 Ti
GPU BRI IREE T AT %R, R PPAl RS sl B
AE , A AL I 5L TRl B8 8 Genl #3016, R
SNPE (snapdragon neural processing engine ) #f # AE 48
FEBEA S TR IT VR DR TR RBIRL AL 8 LR A i
AR, B R it SR T A& AT

TE S WS PERE T I, A SCR H] BD-Rate 1 32 %
PEAN 46 br , BE T 0% {8 {5 12 1L (peak signal to noise
ration, PSNR) 5 R i it BF x5 1T
VAN R U8 7 R AE RAIE RS BT 1 T3 T 19 He 4k
A BB BN R TE AR [ R B R Pt i
B, S PR REBAL . S5 HMEDy AVM(v3. 0. 0) Zii
S 2R BRI TE BN B bR g e #5245 (DBF + CDEF +
CCSO + LR),

TEIBATRCRIT A SCHIA T BT IR
(FLOPs) UEAE A7 o5 FH HE BRI i), DL B 5304 1
(B EERPSEBR AT Y7 s RO o Horb 1R
JE S e T AR A R R TR T AR R A e A R A 1
BCME R S 46 b
3.3 ZWHER
3.3.1  GihhPERERS S5 X LB

R VAT B BT A W] i Bt 37 55 T 09 R 4 PR BE
ARGy S5 W A T A R T ) AR =X, X e
I3t T 2R MRS Y BD-Rate $5 45 , ML F 41

55 M 270 P 2 4 K 2R3 B iR TG i 42
PE Sz A, g 1 /g 2 R .

TEMTN TR A SO IR TE R Z 50 9% |
P T R 2 500 e 59 BD-Rate 38, 244K
SEHIHA-5.09%, HP,7E ClassA1 A1 ClassA3 435l
B -5.52% Fll-6.75% B9 H 46 3 25, &L T
VRCNN(-1.07% .—4. 16%) .MobileNetV2(-2. 24%
-3.40%) LA} RepSR(-1. 96% .-5. 66%) . LT #
4 DeepSN-Net (*F-3J-5.23%) F1 LCMMCNN ( °F- 3
-3.81%) , T4 7 ¥ AE S8 AR 1 ik BAH S L S Y
PERE , H AR A E , 45230 Y A 3 i M 2% NAFNet
(-5.91%) .

7 T fE] U AL T, A BB AE BD-Rate I 19 22
SRS WS AR A SO IEMOR R 1 BT 34
-4.32%, fI. 7 LCMMCNN ( -3. 69%) . MobileNetV2
(-2.58%) 5 VRCNN ( -2.33%) , f£ ClassAl Il
ClassA3 SE LA 31 475 R B B A 35, DeepSN-
Net 76t 3 B T 19F 14 BD-Rate N 4. 35%, I& & T
RIS

Kl 4 J I T A BT ML A ity QP210 Fisf (1) A AR
LU LR

25 b, TCie A Mt PN 3 S ot ] S AR T, A S
W7 BRI R AP Y BD-Rate ¥4 25, R 51 & 7
O O R B RN LU R B B A B S UE T A
PEEEITE S 50 T A 3 510 0.

3.3.2  BATHCRX HALE

TEIBATHOIRREXT b, 48— R H ClassA2 J7 51

AT, DUPRIEPPAS o 8 v o Ho i) — etk . H

R1 FREBTEM A BINERN T B 4R AE

Table 1 Intra prediction mode coding performance of each model

1%

ClassAl

ClassA2

ClassA3 ClassA4 ClassA5

i (4K) (1080P) (720 P) (360 P) (270 P) ¥
RepSR(Wang % ,2022b) -1.96 -3.26 -5.66 -4.26 -3.91 -3.81
LCMMCNN(Wang %, 2022a) -2.56 -3.84 -3.40 -4.82 ~4.46 -3.81
VRCNN(Dai %,2016) -1.07 -2.04 -4.16 ~7.40 -2.73 -3.48
NAFNet(Chen % ,2022) -4.84 -5.39 -8.08 -5.90 -5.33 -5.91
MobileNetV2(Sandler %5 ,2018) -2.24 -3.61 -3.40 -2.17 -1.88 -2.66
DeepSN-Net( Deng %5 ,2025) -5.37 -5.01 -7.23 -4.51 -4.01 -5.23
AL -5.52 -4.53 -6.75 -4.56 -4.08 -5.09

T L P SRR 25 8 B A2 2R
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Table 2 Inter prediction mode coding performance of each model

1%

. ClassAl ClassA2 ClassA3 ClassA4 ClassA5

Tk (4K) (1080P) (720 P) (360 P) (270 P) T

RepSR(Wang % ,2022b) -3.25 -3.06 -4.71 -2.85 -2.63 -3.30

LCMMCNN(Wang %5 ,2022a) -3.68 -3.39 -5.22 -3.23 -2.94 -3.69

VRCNN(Dai %,2016) -2.47 -2.23 -3.29 -1.82 -1.84 -2.33

NAFNet(Chen %,2022) -3.95 -5.09 -3.88 -4.66 -4.91 -4.50

MobileNetV2(Sandler % ,2018) -2.17 -2.56 -2.83 -3.01 -2.35 -2.58

DeepSN-Net(Deng %5 ,2025) -4.15 -3.61 -6.23 -4.41 -3.35 -4.35

A3 -4.61 -3.53 -5.77 -4.06 -3.65 -4.32
T MR SRR 25 5 B L2l

26.63 dB 27.04 dB 27.12dB 26.94 dB

(a) B &
27.68 dB

(f) NAFNet (2) MobileNetV2

4 A BURITA 4% QP210 Bk I 45 5t
Fig. 4  Filter results of each model for intra code at QP210 ( (a) original image; (b) reconstruction; (¢) RepSR; (d) LCMMCNN;;
(e) VRCNN; (f) NAFNet; (g) MobileNetV2; (h) DeepSN-Net; (i) ours )

O3 PR 5 B B i LA A B A BE DU 3 A R
BTS2 AT RCR A bR eI K 3 . Hod , LCMMCNN
FET R 25 e B VRCNN SR IV J2 3043 32 9 3
TEZLH4 ; RepSR R HE S UL I G B AL, 13RS A
PIAE 3 PR R L AT AL B . DeepSN-Net 7E i
A BB BB HEAT 445 T R FE, B FRIR T FLOPs,
NAFNet (U-Net 45 #4 ) Fl MobileNetV2 5 J] 48] & 5% 2%
SEMI IR AL FLOPs , H:H MobileNetV2 [FRE{#45
JE 5 PEARAL 3

MR 3 UL, 7R g fH N fF |, LCMMCNN,
VRCNN FI NAFNet % DL 7% 25 2546 R AR 10 22 3 S 5t

(c) RepSR

(d) LCMMCNN

27.16 dB 27.46 dB

(h) DeepSN-Net

(i) A3

TRURH Eb T 8043 S AR | B M O %) PN AT R o )
3). 5340, T NAFNet fl MobileNet >& I T {5 & 5%
ZEGEHE , HE—2 R T NAE S R QN 6) o

P 5 7R 1 A AR R E A R v B 2 A S
WAL . Hor, PUAT iR 0 2 6 6 % o 1 3% 22 5
AR IRAERT At FE . AHLLZ T, DeepSN-Net Fl1AC
SCHR T RO RS JRE B B2 A A AR . AR
BT [ FLOPs A7 76 40 22 5, V03098 B AR g i
SRR Y H B b, e 0% 0T 5 0 b 5 A A
AR PR BATHERE o AR SCHR R AR AE X AR v L
A T B R AR AT RRCR
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Table 3 Complexity and memory comparison with existing filtering models

Al 14 /MFLOPs WA I AE/MB HEBREF B /ms T /MFLOPS
RepSR(Wang %5,2022b) 231.70 192.53 16.22 14 285.08
LCMMCNN(Wang %% ,2022a) 211.40 128.59 66.49 3179.48
VRCNN (Dai%,2016) 226.06 255.45 24.18 9349.21
NAFNet(Chen 4 ,2022) 236.35 489.21 453.22 521.49
MobileNetV2(Sandler %5 ,2018) 222.68 381.94 72.66 3064.74
DeepSN-Net(Deng %% ,2025) 230.13 264.72 87.12 2641.53
AL 239.15 54.96 12.98 18 424.37
IR R R B 5 e a5 R
500[—=—LCMMCNN VRCNN —— NAFNet i
—~—RepSR  —— MobileNetV2 —— DeepSN-Net 200 bk - it 1250
A 182 222.08
175+
41200
150
g: 125+ i 150%:
ﬁ 100 %
=
77 ]
251 100
50+ 54.96
450
25+ 25.01 15
0 20 40 60 80 100 ) ‘ ,
HEFLIEEE/% 720 P 1080 P 4K

K5 SALE T R A S R

Fig. 5 Memory usage comparison during model running

ARSI T BR 1080 P AR F IR AY 720 P AT 4 K 43
BRI B 3k BRTR DL R I AT, TR 6 TR .
SEILRIA7E 720 PR ASRY AT S EE 182 Wi/s , W {H N A7
h125.01 MB; MM 7E 4 K TR 15 Wi/s , WA A7 T+
%2222, 08 MB, kLA /2 S I 2 B 5R , R BT Xy
GRS Ay i — AR

LEOORAE , BRSO F A e R
BETE) NAFNet 73 771 45 57 P T30 11 ol [ea] 000 A X e
i 0. 82% F10. 18%, {H7E 1 080 P43 #rR R, Hilsfl
PIAEA N NAFNet A4 11. 23% , HESH B2 TH T 3443,
WE R T T AR RS S RN Sk & b B SRR E AT A7
PSR T A TR AR T 5
3.3.3 {HALCE:

R T GRS IS A = A Bl
N B PAE S B AE IR AR Y Al S 4 — 2
T ClassA2(1 080 P) i #s 4 , 70 Mot Py il ) 455 =X
17, LABS UEAS SCRT R ASTH A A 350

6 AFEIHERT RS NAT A L

Fig. 6 Speed and peak memory by resolution

T AR T AR 7 05 R0 R T 1
PEREXT L .

M 40T LLE LS54 AddSkip 55 ConcatSkip
¥R % H R 456 55 %, BD-Rate 43 %I h —4. 26% Fl
—4.35%, (HFFAE K I {H 9 A7 (M) =3 15 27. 69 MB,
FHECZ R AR SCHRE Hh B R 4 il 25 M A2 5 G GE TR
4 RN 25 6] % 55 A Al L, B RRAR T AT RS . Bl
WMAEES R o1 = a2 = a3 = f= 0. 5, I H N AT
M., F$21.73 MB, 174 £ 93. 75%, [A] i} BD-Rate £
FtE-4.53%, #E—LHINELE R 5 0. 75 Al ok
ERPAPERERE T (—4. 57%) , AHAH LY PN A7 FRE ] -4 3
I, A HEAS o T R R R 4R 48 R B
0.25)F, B4R M, ] K45 % 0. 43 MB, {H BD-Rate
TR -3.31%. L5 R, Fedi 2B a] i
F PR ARRA AR FRIWGEAE N A7, (A2 B R 45 mT el kA5 B
P, TS I it PERE , JIE T2 e W i A7 FR
Yo se FRORTIME o ST 2100 v i = v] G — B
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Table 4 Performance comparison under different skip connection and compression strategies

Jrik FHEE4E  BD-Rate/% M, /MB M_,/MB M, /MB 18] /ms
wlo Skip x -0.81 - - - 9.74
AddSkip x -4.26 15.82 23.73 27.69 10.14
ConcatSkip x -4.35 15.82 23.73 27.69 10.27
A (e, =a,=a,=B=0.75) N -4.57 0.74 2.22 3.89 14.63
A (a,=a,=0,=5=0.5) N -4.53 0.50 1.48 1.73 12.98
A (e, =a,=a,=f=025) N -3.31 0.25 0.74 0.43 11.88

LT AR RS FRARGS AL, = FoR TN B , N FRIZ T B A B S, X R A AL

PR BB B R FE 2 0] P 0 WA B L SR DRIE S 56
X LU BRSPS 1 — SOt AR ST A S g
G —RHEH R v =w=0s=$=0.5

4 & it

AR T — PRI T E S B R A
U-Net ZE 44 (1) 55 50 B8 I 71 o %0 kil ad 4l
TR ORI R IR e 40 il 5 1SS B | 7 I 35 48 T g ) 2k
(R TR, A 3 AR T NPU 50 28 52 2% B8 RN AT 5
AL T AV 1 IR B U8 I o, A5 78 A Tt A ARt ] it
PR 20 352 T -5, 09% Fl1-4. 32% (1) BD-Rate 3
%5, RIS EREIE 8 Genl AbFRES I HHEFEH 15 77 Wi/s,
WEH N A Ry 55 MB.,

SR, A RLAEAE DL Jmy BRAME: - 15 0, YR A& X
YUV420 #% 3, $t = %F HDR. 10-bit #L i LI K&
YUV422 , YUV444 55 HAh R 4% X S8, 802
A RE AT R 5 R, AR SO Bk E AL T 1 080 P43
PER X T 4 K 55 {43 HER ) 5005 o 58 9 5 i 4
B SR R R BT BN TR E B A
XA TR 5 1) R TG PR AL . PR, Rk ) TAE K
TR AT PR ) SCRE B AR R 1) 38 I DA
RARZR 18 W AR R BB, DL A R A AN [
o S i) RGP R R
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