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Abstract: Objective Motion deblurring is an ill-posed problem, because real-world blurred images result from the tempo-

ral integration of continuous scene dynamics and often lack information on intraframe motion and texture. Aiming to
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address the above challenge, recent work has leveraged event cameras, which are bio-inspired vision sensors with
extremely high temporal resolution and provide intra-frame clues about motions and intensity textures, to perform the
motion deblurring tasks. Despite efforts to enhance deblurring performance, most event-based methods depend on the
simple concatenation of primary features, overlooking the substantial modal discrepancy between the spatial sparsity and
temporal density of event data and the dense spatial characteristics of blurred images. This oversight restricts effective
cross-modal feature interaction and ultimately leads to only marginal improvements in deblurring outcomes. Aiming to
facilitate cross-modal fusion of events and blurred images, several methodologies that use Transformer-based cross-modal
fusion architectures have been developed. However, the effectiveness of feature extraction and fusion processes within
these cross-modal mechanisms depends on the quantity of structural components employed and the associated computa-
tional expenses. A limited number of structures may lead to insufficient deblurring performance, while extensive feature
extraction often necessitates considerable computational resources. Furthermore, previous methods typically rely on convo-
lutional layers or Transformer-based architectures that model global or windowed contexts within a singular receptive field
along the channel dimension. This oversight regarding the integration of multiscale spatiotemporal information in the con-
text of intricate motion scenarios leads to suboptimal reconstruction of local detail textures and a deterioration in generaliza-
tion performance. Therefore, this study proposes a novel event-based motion deblurring framework called dual-channel
Mamba network (DCM-Net) to address the above-mentioned issues. DCM-Net constructs a dual-channel module based on
the Mamba model, efficiently achieving feature complementarity between the blurred image and events. Pyramid channel
attention is also introduced to supplement multiscale spatiotemporal information in the features, ultimately achieving high-
quality reconstruction of sharp latent image sequences. Method In this study, a module called dual-channel cross-modal
Mamba (DCCM) is established. Specifically, DCCM employs state space model (SSM) with linear complexity to project
the blurred image and events into a shared latent feature space. Subsequently, these representations are subjected to pro-
cessing via nonlinear cross-gating architectures. DCCM integrates the features from both modalities using a nonlinear cross-
gate structure that facilitates the learning of complementary features while mitigating redundancy. Aiming to minimize the
influence of event noise, DCCM implements event gating thresholds that enable the selective extraction of features from
blurred images that are relatively free of noise, which are then incorporated into the event features. Additionally, image
features frequently suffer from texture loss due to the degradation caused by blurring. Given that event features retain clear
texture information, they can be selectively integrated through the application of blurred image gating thresholds, thereby
compensating for the loss and achieving a deblurring effect. Furthermore, to enhance the detailed reconstruction of net-
works in complex scenarios with non-uniform blur and non-linear motion, this research introduces a pyramid channel atten-
tion (PyCA) module based on the channel attention mechanism. Different from traditional channel attention techniques
that depend exclusively on global pooling, PyCA not only extracts temporal feature information from vertical channels but
also improves the acquisition of local blurred feature information within these channels by integrating multiscale pooling
results. This approach enhances the network’s focus on intricate details within the local spatiotemporal context of features,
thereby facilitating the extraction and enhancement of detailed texture features in that specific region. Consequently, this
refinement contributes to the overall improvement of the sequence reconstruction performance of the deblurring network.
Result Comparative experiments on two public datasets, realistic and diverse scenes (REDS) and high quality frames
(HQF) , are conducted to validate the effectiveness of the proposed DCM-Net. The original REDS dataset comprises high
frame rate videos recorded using the GoPro action camera. This study employs frame interpolation algorithms and event
simulators to produce blurred images and simulated event streams. Conversely, the original HQF dataset comprises real
events and high-resolution video frames that were captured concurrently using the DAVIS240 event camera. In this study,
blurred images are synthesized from the clear video frames. This model is compared with 11 state-of-the-art motion deblur-
ring models, including the frame-based and event-based methods. Three widely recognized metrics in the domain of image
processing are employed to evaluate reconstruction quality : peak signal-to-noise ratio (PSNR) , structural similarity index
(SSIM), and learned perceptual image patch similarity (LPIPS). The proposed method demonstrates superior performance
on the REDS dataset, achieving an average PSNR of 30. 166 dB and an average SSIM of 0. 909 6, which demonstrates its

superiority to other existing methods. Specifically, the proposed approach yields average PSNR and SSIM enhancements of
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0.5% and 0. 3%, respectively, compared to the leading state-of-the-art technique. Furthermore, on the HQF dataset, the
method maintains exceptional performance, exhibiting average improvements of approximately 0. 3% in PSNR and SSIM,
thereby further confirming its effectiveness in handling real-world events. The proposed method also achieves state-of-the-
art performance in average LPIPS for sequence reconstruction on REDS and HQF datasets. Additionally, visual compari-
sons and subjective experiments (user study) conducted on the two datasets further validate the effectiveness of the pro-
posed method in this study. Considering the effective feature extraction capabilities inherent in the Mamba architecture,
DCM-Net attains superior deblurring results while simultaneously exhibiting reduced computational complexity. Specifi-
cally, DCM-Net reduces computational overhead by over 40% in comparison to the leading state-of-the-art method that use
the Swin-Transformer architecture and 27% compared to its own Transformer variant. Ablation studies on the sequence
reconstruction of REDS dataset further validated the contributions of the key modules of DCM-Net. The removal of the
DCCM module leads to a notable decline in PSNR and SSIM for DCM-Net. In contrast, the incorporation of PyCA in conjunction
with DCCM still yields performance improvements (0. 17 dB and 0.003 in PSNR and SSIM, respectively). Conclusion The
DCM-Net introduced in this study enables effective cross-modal interaction and fusion between blurred image and event data while
enhancing the model’ s focus on multiscale spatiotemporal information. DCM-Net outperforms existing methods, producing

reconstructed latent image sequences with clear edge textures and minimal distortion. Furthermore, DCM-Net achieves an

improved equilibrium among the number of model parameters, computational complexity, and overall performance.

Key words: motion deblurring; event camera; Mamba model; pyramid channel attention; cross-modal fusion
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S N CTR= 7 I 7112 5 < Nl ol o X e
AR S, IR A B A B [E) 2R 1 (time surface )
(Gallego %% ,2022) i ] 2% 1] J& — F — 4~ [ Bk
S5, Kb MR S E s — DR
(AL JE BRI E] B AT A i — > = 4k
BlEok i (4 x Hx W), IR KA ] B i £l ok
WEIFHAK x Hx WINZ@iE KR E, XAy
K AR B T F b iz sh s SR R 4E 5, IF 6
/D B RORY IR 2 TB) B A2 22 S, A ) T I 42
> A B S (] RS 55 I 2 R A 4R IS B, AR
SCH R AUK = 6, 2o H x W37 %60 B BT 114
23 [ o HE
2.4 ETEMHMIEZEEMMNELEN

AR SCHR H B XGELIE Mamba 545 DCM-Net 254 411
175 . DCM-Net 3222 1 4 R 2H 1 - 1 2 PR
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256 WilE Mamba 5 & FIE 818 2 7B S 4R 3 15 5 B G EEH

HE B (shallow feature extraction, SFE)FE 3 XU iH
75 Mamba(DCCM)ER 45 "7 B il B T 5 ) (PyCA)
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E. ¥4, BRI E 43538 i SFE BB A= j A Gh AR 1]
GRS B A RISk & EP . Bl , 26 R
MAS(ARSCEE M = 20) DCCM BEH X BY F1 E 47

HHRZ WA RE S S 2 o 7 A DCCM A bk
Hh, AR PR RS E B A R BT
PyCA R85 JE Bk 22 454, F LAKh 78 2 ROBE I 2545
SRR S B T T T AL, 5 X6 O 0 T A g
ST, DLt — DR T LB . i), GFF AR
B i —JZ DCCM i 1 1 280 4 7 Bl T 018
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BIFINERIE . 2, 522 5 IR L& B AN, 74
FUTIUIN 03 W v A P B b
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1 DCM-Net ¥4 4244
Fig. 1 DCM-Net network architecture

2.4.1 BUGHIEE S Mamba 5k
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P T 37 SRR SO MR RRIE B 5 D il
AL (Sun %5 ,2022) o F 0 FH AR IK shiz sh R
F RO 5 1 3k R FH 15 45 285 Transformer 2244 (Chen
45, 2021a) , 38 o A B A ] (query) | i (key) FTE
(value) [ 5 SEBUAAS [0 58 HL . BRI, X ST IR A7 AE
PR 25 e R 1) R AIE il o A 22 R o 1) v
JE2E H A R KRB TE 28 B S I BRI RN
A2 5 %2 B F A T, SRR K5 2) )2
YR 11 i85 A2 T 7 AL E 4R BB 0 1 THARR I il 75 5K
S AR A A o

BEXT BB ER A SO A TR R
Mamba Z2 ¥4 )5 &, ¥4 1 X038 18 #5155 2% Mamba £ B
(DCCM ) 5 30 2% Uk 85 A 2 B U 4 B S5 5 [ Bl
R A TF 5 AR . DCCM A5 B 28 44 U 18] 2 fF /R .
DCCM H1 ) SSM 2% ) =4 5 BOWI MR ) FRAE 7341
I FH BEREIR 75 Webbs — F 45 2 T 1 W 7R R F
25 8], A I B2 I R AE T A £ B B A S N
—J7 1T, F 46 G 5 1 S B i R 1 i 2 5 AL
PRI B (FR R b G M 75 A 4 22 F S T A W 5 9 —

J5 T, R 32 BB AL e E e T R R AR
1B 2 0% BE A 2 X0 i 32 £ 6L L A2 3 A R P T4t A
b XSRS R 2 S O R RS2 THT Y EL AN R B4
Trlfg. TEMLEAL b, DCCM T AEL RIS 1]
BRALH (Liu 55 ,2021a) B8 XTS5 , 4200 1
FF S R RS 22 5, sh S5 0 5 ER AR
() R B 2 ) S5 M [R] B oy 410 i) 45 s v Y
TURFHIE , T SE BURFTE R o
FE55 i A~ (1 < i < M)DCCM B8 i 17 76 1 45 9F
FrE8AE , 23 Ak B A A BOR IRUGCRRAE B A
FRAE E;7' X PSS R AR 1 S o AR 2% AR R
(residual dense block , RDB) #1745 FUHAE 5 R 1FE 2
B, DA SRR IR R IR BE ST o BEJS , DCCM L H A H]
Mamba X} B, ' Fl E; ' BEATHIE B AR 488, ik — 20
WAL R . BATIS B RE - 52
— A 2 IENAE (LayerNorm) DI BE L R )2
P AP EAL . A X SRRV A 25 ) 4 1
S —HERFE, 5 A B ] 27 ) 1 SSM i Fo B Ak
M TERMESS (] o B R AT AR IRl
E}f b= SSM;! (Conv]D(Linear(RDB(B/if N

> _ , 12)
E;~' = SSM,” " (ConvlD(Linear(RDB(E;™"))))
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b, B VRLE o35 D A PR A iR AR AR 5 55
SSM (-) 71 FH T 2D EUR AR S 25 118 58, i
X (8)E ;5T Convl D() Fm — Y UM 5T
Linear () N AAMBULEAE 591 RDB() RN 2
PR

FRAEFHESR ® LER
TR @ i %A
—HYEERE @ sigmoid
IR AR LT
LIRS (OF iz

E2  XGHTE PSR Mamba B4

Fig. 2 Dual channel cross-modal Mamba architecture
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B RIE - e A RS H B 5T
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FRAEAZ 5 S RA  TERE IR A0 2 ) 4 1 b o T IR
B B F AN S8 UG GR BEAR B i 7E 2 H 7 )
b MY i gk aE s R T A S SR B . B R
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[ 38 38 73 3 0 (CA) (Woo 55 ,2018) JE A B85 A T —
P2 125 (8] 4 3t Ak (He 45, 2015) (9 2544, IF:
Wit T — A4 538 18 1 & 1 (PyCA) B, X
DCCM AR D) RESE B E Ah . PyCA FEERALHG Qn &l 3 i
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7Ro PyCA IR B IE b I A1 RFAE (S 2[R,
L3E I 4 5 22 NURE B AR A 2R, R 0 T 3t 41l 2 e i
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Fig.3 Pyramid channel attention architecture
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HAE AN AR R (0, 1 % 1,2 x 2F114 x 4) 1243
SRR CA 4 BUREAS RUBE R A9 1838 T 32 DRI, DA
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Fig. 4  Error maps of deblurred result

(b) fdi /] PyCA K

((a) error map without PyCA; (b) error map with PyCA)
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£'2N+1,Zlk_lk1 (20)

3 KBWRERSH

3.1 XBRBEE

N T AR A SCHE H 89 DCM-Net (12 3} 4
BITERE , A SR HIPAS 22 TFH0 808 52 %8 19 28 - 47 )11 5
S, 0 50 R A0 5 S USRS A S R Y
REDS (realistic and diverse scenes) £{ #& 45 (Nah 45 ,
2019) AL & B S SO RS RO 145 (19 HQF
(high quality frames ) 454 (Stoffregen 55, 2020) .

JEL IR ) REDS B 45 th RS2 720 x 1280 1%
2R WA 120 Wi/s B e AT S A, Ol 1A
LB SRR S 0, e BT A P 90 B 4k IR T
FIE Y1, I AR {5 T R AEE] 180 x 320
182, FEAT 4 i 825 RIFE (real-time intermediate
flow estimation) (Huang 55 , 2022) #§ Wi % 42 7+ =
480 Wi/s. ARJG M FH AR LAY e T3 T 51 5 T S A
il #% ESIM (event camera simulatiors) (Rebecq 5% ,
2018) Y BRINS B i A s B AR I, X 121 i i
SEMTIEA TP L5 LR ORI 5 . B RSO 15
Xof 7 JE A AT F FR) 31 R TR BT IR o AR SCHRCHC TP S
1,6,11,16,21,26 131 Wiff 4 ground truth 2% [&]
1%, I 4G Nah % A (2019) 1943 il S , BUREDS 4%
A 240 D7 FF S I ZRAE , o 3017 741
PE R4 .

JELUA B9 HQF %54 45 61 & DAVIS240 ¢ fF A AL
(73 B3R 180 x 240158 30 4 2K A I 23 [ 20 A FL 52 5
PRANWTAR Ay 25 Wit/ 1437 BT AL AT . 44< HE REDS %4l
BB U TR A 705 4 38 20 14 37 B AL A 0 A T 4
W, el LT AR T 2 200 Mi/s , SR I X6F 49 Wk 2 252 i ik
Py P LUA: JC R ASOR 5 o s MR ASER] PRI A5 0 R T
JECRRAIAT 1 B4 7 W35 BT P14, 33X 26 B E0REAE R ground
ruth ZHEG . HQF B A 14174k , A3
P IEICO M I ERAE , o 5AME R4k
3.2 I%SHt

ARSI AT IL T PyTorch - 5 S8, I AE PR
NVIDIA GeForce RTX 3090 GPU #1715 Fy 4T+
WILRBCRFIBALEBE , 7R 2 mi o A BIR SH0E
L S B A T AL B LR B OR

BIE B REHLE BT M 128 x 12818 K K/Nay k| [H]f R
PR B 0 07 AT R o 28I 2Rt
K batch € A 4, ZEACREL epoch 13 4 200 X, Horr
i 50 AURY 27 > R E N 1 x 1075 Z 5 5 ) R
S, ELEN AR 200 FURE S 1 x 1077, Ak, AR SR A
T DCM-Net HEZZ 1Y) Transformer AR AR BLHY (18
DCM-Net-T) , F-45 H A AT LG 52 504K 52 LA HEAS A
PERE
3.3 xfLEEL
3.3.1 ERXf R

R T A A PRAR A B, AR SR A
i 278 MR AR N PPA I E , O R ) H AT S Ak
PR bz A 3 T A 48 A - G (ELAE M L
(peak signal-to-noise ratio, PSNR) | 2% ¥4 #H L 1 46 %%
(structural similarity, SSIM ) Fl12¢ 27 J8 11 ] 15 He AH 1L
J& (learned perceptual image patch similarity, LPIPS)
(Zhang 55 ,2018) . @ H 1%L T , PSNR 5 , & B &
5 B o A B, % LR AT s SSIM B =y, R
A EER S SH BRI E WML E R b
) — SR P B 5 LPIPS DU ) JHASS B -5 4 i 15 1 2
[F1) F) SRR R 23 280, (BRI s — 8 Z e
TR 22 S )N

S AR SCTT Wk Y ST A T ORI R
FAFR A st W IR . S SR Tr
% 4 #5 HiNet (half instance normalization network )
(Chen 4§ , 2021b) . MIMO-UNet (multi-input multi-
output U-Net) (Cho % ,2021) .EDI (event-based double
integral) (Pan %% , 2019) . eSL-Net (event-enhanced
sparse learning network) (Wang %5 , 2020a) ., TRMD
(two-stage residual-based motion deblurring) (Chen #/1
Yu, 2024) . EVDI (event-based video deblurring and
interpolation) (Zhang fl Yu, 2022) . LEDVDI (learning
event-driven video deblurring and interpolation) (Lin
%, 2020) | EFNet (event fusion network) (Sun 5% ,
2022) .RED-Net(Xu%%,2021) .UEVD (unknown expo-
sure time videos deblurring) (Kim &%, 2022) #ll DeMo-
IVF (Cheng 4§ ,2023) . H:r HiNet fil MIMO-UNet /2
BET WU 7 vk AR N 45 G S50 AR ]
BT A FE . IEAh, HiNet ,.MIMO-UNet . EFNet Al
UEVD {3 fiE 5 B0 G 5[] P £ 50 T 37 B 12 4% 2 e
7 b D 3 D) S A 7 W A S R PR 1 1)
Hik,
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FrER, s, XEE, EEh, K%
256 WilE Mamba 5 & FIE 818 2 7B S 4R 3 15 5 B G EEH

FVRIER 200 IR T BT A J7 B #E REDS 348
LT HQF £ 48 4E b i f ) Lh g 2, L PSNR 5
SSIM 7F MG K FE 8 i b kAT iT . Ll R &
i, 7E REDS #5484 I, A SC 7 78 PSNR (CF ¥ 1
h 30. 166 dB) , SSIM (°F- 1 {H >4 0. 909 6) Fl LPIPS
CFH#ME R 0.059 7) 348 ks LI FIA ik,

FHEL T DeMo-IVF , AR SCJ7 A {E PSNR 4845 FF- 1442
F+#50. 16 dB, 1E SSIM 4545 P42 F+25 0. 003, 7
HQF Bl 8 |, A SO e ak g 90 R A PEBE
PSNR Fl SSIM 43371 F- 2442 7+ 24 0. 11 dB F1 0. 002, i
— IR T e Ab RS R R B e R
Bk

F1 AEFHETEREDS HiEE AV EREXTLL

Table 1 Comparison of performance of different methods on REDS dataset

» Ewi LT A J¥ 5

ok $iF psNmaB  SSIM LPIPS PSNRAE s Leps oo oM
HiNet(Chen % ,2021D) X 22697 0.6680 0.2483 - - - 80.78 5.41
MIMO-UNet(Cho % ,2021) x 22978  0.6909 02110 - - - 13529 16.11
EDI(Pan % ,2019) V21836 06490 03133 20410 06120 03213 - -
eSL-Net( Wang %5, 2020a) V21046 06871 02086 21414 06871 02021 13823  0.19
TRMD( Chen Fl Yu,2024) V24798 07480 0.1683  23.037 0.6742 02144 2999  19.26
EVDI(Zhang A1 Yu,2022) J 26868 08367 00959 26014 08120 01078 5291 039
LEDVDI(Lin % ,2020) J 28475 08782 00688 27771  0.8665 00721 127.08  5.00
EFNet(Sun %,2022) J 29427 08902 0.0754 - - - 94.66 8.46
RED-Net(Xu % ,2021) J 20598 08989 00583 28948  0.8886 00641 14065  9.76
UEVD(Kim % ,2022) V30166 09113 0.0528 - - - 28585  27.88
DeMo-IVF(Cheng % ,2023) J 30712 09166 00568  30.004 09070 00602 48339  30.88
DCM-Net-T(430) Vo 3L026 09208 00549  30.139 09093 0.0578 372.62  23.70
DCM-Net( 7 3) V31057 09221 00547 30166 09096 00597 270.62  23.57

TE L T I Z TR B R A 5 R A4S
7RIS U, Para R8240

&l 5 FEl 6 433l i 7R T REDS Al HQF %k 4 1
AT XS e g SR . MR SERCR AT LAt A SCOr
PAE IS DR K R AT O B 5 A R T 5 Y
e T A Y KO AR L T HAE S e
H R LR fE

FERIIK 51 1) EDI(Pan 45 , 2019 ) AU AK 815 R 2050
()RR A 34 | R B8 8 40 R S5 B8 v 2 5 1)
235 (B 5 R 15 B, DT 35 Al & SRAT SR AE AE B
TEHE T CNN 1Y ) 25 A5 8 | HiNet (Chen 55, 2021b)
F1 MIMO-UNet (Cho %5 ,2021) 15 it = = {4 %4 42 11t
s 2 E B LT, R R ZEE 31 S 35 AR 1A
G I S T R 1 3 A LA T I o 2 Pk R, L SR A
FEANTT 3k Al B ATL i 5 AR 5 R eSL-Net (Wang
85,2020a) AT LL3E A3 27 > J ) 4 7 G o 28 rp
()% AL EHE B I B 2 2 IR iR 22, 7

o= FIR TARRRAE I N X BIFOR M S AR . FLOPs #R 4355

S R b B Oh 5 AN B R R Bk B EVDI
(Zhang 1 Yu,2022) 3 T EDI R AUAG T —Fh [ W
BUREE2E S HEZR H R T = XS 5B ER 2
[i] 265 A2 5 A A ML, G o A 5 R A ) 2
B =R 4H ; LEDVDI(Lin %5, 2020) (9 PE RE 32 21 W 4%
H Bl AR R I BT Y BRI, 5 BG4 SO
, SR A H A s RED-Net (Xu %5, 2021) F1)
A B R 5% 25 S A B (RDB) FH00 AH X5 375 W £ P14
JE 0 AR T B P, LA B ERE )
TEAE— 2 R BR 1 ; UEVD (Kim 45, 2022) il i 0 £ 1Y
T TF A 7 90 24 rp o 2 0 P =R (R AR AE L (U2
P72 R RS [l 15 22 ) f B A 25 A B M, 3K
I 26 R A TH A PR
15 2 T Transformer F W 25 455 8 1 EFNet (Sun
85,2022) 51 AT BA R IALE SSRGS 451
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R2 AEFAEEHQF BIEE FAyEREXTHE

Table 2 Comparison of performance of different methods on HQF dataset

) ot BT o P A
i - FLOPs/G  Para/M
B pSNR/B SSIM LPIPS  PSNR/B  SSIM LPIPS

HiNet(Chen%%,2021b) x 24071 07276 02305 - - - 60.58 5.41
MIMO-UNet( Cho % ,2021) X 24456 07444 02060 - - - 101.47  16.11
EDI(Pan%,2019) N 19.665 0.6295 02950 19.014 06111 03138 - -
eSL-Net(Wang % ,2020a) v 20576 06181 02066 20011 06051 02085 103.67 0.19
TRMD(Chen 1 Yu,2024) V26128 07830 0.1614 24606 07397 0.1992 2249 1926
EVDI(Zhang 1 Yu,2022) v 26410 08016 0.1475 25288 07772 0.1554  39.68 0.39
LEDVDI(Lin % ,2020) Vv 28208 08473 0.1119 27.698 08415 0.1158 9531 5.00
EFNet(Sun%,2022) v 29886 08795 0.1018 - - - 70.99 8.46
RED-Net(Xu%:,2021) V30336 08825 0.0965 29498 0.8753 0.0981 105.48 9.76
UEVD(Kim%,2022) Vv 30316 08869 0.0920 - - - 21438  27.88
DeMo-IVF(Cheng % ,2023) V31299 09008 00826 30484 0.8942 0.0833 38630  30.88
DCM-Net-T(43) V31374 09020 00836 30512 0.8958 0.0825 297.26  23.70
DCM-Net(43) Vv 31461 09041 0.0818 30590 0.8965 00832 20297  23.57

TR T 2 A0 3R S B IR R ARG
TE B IRE, Para #/Rn S5

WA ERFAERL G H B = PR R S BURFIE g
S B AL B Z 5z ShASOR s, 25 SRAT SR vT g 1 3
ST AN il s TRMD (Chen F1 Yu,2024) 2R I B B
2RV, e RO SR R v 2 20 A BR A
()55 2 i, H 32 5 1k 32 2008 P T BRI 2 B2 IR 1 37
5, TR 2RI R AIIHE LA 58 A I BRSO £ 5 s DeMo-
IVF(Cheng %5 ,2023) 3T Swin-Transformer 4 ## 7% J&
P2, S IR 11 55 RORH TR RRAE 1) 15 5 25 5 B 5
G Bet A AR U E I SE LR L . AR, 32
PR T Transformer 4244 A B A8y 18 52 2 B2 %007
AL BRI A 55 e (TSR AR R T

AT LR J5 vk, A SCHE Y T B0 JE
Mamba 4244 1) DCM-Net [ 28 A5 U A A 552 IR 55 5 45
W ERARIE 1 5 B8 A2 B S G, o o A 4
PR IHLH  #b 70 22 RUBE (I 23 Jmy A A5, , B T xt
Jry PSRRI 179 DG , i At o A v SO ) AT FRIAR, B i
TARSCHEZR A R

B T R BT EA R BR (40 PSNR) , 28 1S5
i 5 S A A2 2% B 1 B AR B B B (floating
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