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(1) REDS4 FIBREILLER

AT BAEARXFTIR T 7% MTCAN BB, AXCE AN E REDSA B HE BRIE A A9 & 48 &
MEEH#ITT XL, BFEREZI TR MHY RRS™. MERE I 7% VCSNet™ . ABPN™ FNLAN®,
ImrNet*, STM-Net®. DUMHAN™_ TSRN"_ CollabNet*’. SDPETs-Net™, EA&MIXERME 1 Frx.
H, X#K[9.1318,19,22,25 26| MR EREFHEARENRDMIN G L, HEX LEENMEEIERYE
ESIABEEXE., ESERMNE, AX7E MTCAN & ABPN™. FNLAN™ TSRN"SR AREI9TMXES
%, BNFr B VUMK RARR), MEMILL7AR A GOP MIRHERES, RIS GOP FEE 1 MNMEREEER
KB 7 MERFERIE R B ARIEFHEWNREER -, AXKBAEIRERHTILR: &P SR=01
X R EIURAER 0.5, JEXREWIRAER 01 £9 GOP XHEAR, HENFHYRHER 015 MIIXHEAR

(0.1x7+0.5=0.15x8); FH SR=0.01 X R X PMURFEE 0.5 IF X BHKFEE 0.01 A GOP XHIT,
FERFHRHEEX 007 IR HETK (001Xx7 405~ 0.07x8),

% SR=0.1 B, AXEEFETFY PSNR F1 SSIM FE#5 LRI R E % SDPETs-Net F37% 0.93dB
002, IWERFENUPT AXEEEETHRE LHHRE. 4 SR=001 i, AXEEBRTHMEXANMRE
MBEMAE, 7EFY PSNR F SSIM F5#R L2 BIGUFRIAE % CollabNet F77% 1.68dB #1 0.05, XFRAFE
ERBERFZMHT, MTCAN BIS A F AR EAX Y, REEASIIMERXRETRNERREK, Nk’
FRENEWMELE.

F1 FEVAEBRANENE LT REDSA WXL HIMAENTEL (PSNR(dB)/SSIM)
Table 1 Performance comparison of different video compressive sensing reconstruction algorithms on the REDS4 test set

(PSNR(dB)/SSIM)

N I3

SR Hik 000 011 015 020 A
MH 22.48/0.65 18.79/0.47 23.89/0.72 17.47/0.44 20.66/0.57
RRS 20.72/0.58 21.64/0.56 25.34/0.73 21.45/0.59 22.29/0.62
VCSNet 24.28/0.64 23.95/0.58 28.10/0.78 23.82/0.59 25.03/0.65
ABPN 27.53/0.81 29.51/0.84 33.77/0.92 29.55/0.88 30.09/0.86
FNLAN 27.17/0.79 29.14/0.83 33.11/0.92 29.39/0.88 29.70/0.85
TSRN 27.10/0.79 28.94/0.82 32.93/0.91 29.20/0.88 29.54/0.85
0.01 ImrNet 25.71/0.67 25.93/0.66 30.01/0.81 25.15/0.66 26.70/0.70
STM-Net 26.45/0.73 26.89/0.71 30.67/0.84 25.98/0.71 27.50/0.75
DUMHAN 27.74/0.77 26.72/0.70 31.02/0.85 25.97/0.70 27.86/0.76
CollabNet 26.86/0.79 30.45/0.86 34.18/0.93 28.87/0.87 30.09/0.86
SDPETs-Net 29.44/0.85 27.77/0.74 32.66/0.89 26.99/0.75 29.22/0.81
A3 MTCAN 28.92/0.87 32.10/0.90 34.17/0.94 31.91/0.93 31.77/0.91
MH 24.29/0.72 20.33/0.53 25.15/0.75 19.03/0.49 22.20/0.62
RRS 26.95/0.80 28.92/0.80 34.33/0.92 27.90/0.80 29.53/0.83
VCSNet 28.51/0.82 29.56/0.82 33.71/0.91 29.89/0.85 30.42/0.85
ABPN 29.83/0.89 32.71/0.91 36.97/0.96 33.16/0.94 33.17/0.92
FNLAN 29.75/0.89 32.87/0.91 37.27/0.96 33.16/0.94 33.26/0.92
01 TSRN 29.68/0.88 32.52/0.91 36.94/0.96 33.02/0.94 33.04/0.92
: ImrNet 29.09/0.85 32.29/0.89 36.33/0.94 31.23/0.90 32.24/0.90
STM-Net 30.69/0.90 32.82/0.90 37.06/0.95 31.65/0.91 33.06/0.92
DUMHAN 31.80/0.91 33.52/0.90 38.00/0.95 32.17/0.91 33.87/0.92
CollabNet 29.56/0.89 34.10/0.93 37.99/0.96 32.55/0.94 33.55/0.93
SDPETs-Net 32.82/0.94 34.36/0.92 39.07/0.96 33.16/0.93 34.85/0.94
A X MTCAN 32.46/0.94 36.25/0.95 38.46/0.97 35.95/0.97 35.78/0.96

(2) Vid4 EHEEXSLLER

AT #—FWIAE MTCAN B2 L E8E, A Vidd K& EBTEEMNR, SRk 2 Fiom. HA,



MCBCS™, RRS™. CSVNet™. IMFR-Net™ &Mk R 5| EXER[41]. CollabNet™MiXERMAEARBE
NBE], FrE AN FHREREY N 00625 G, MK 2 RaTINEH, FEUEIEE L AER KRR
e EM ML, ML TR E 5% IMFR-Net, MTCAN 7E PSNR #1 SSIM 545 _E 43 5475 0.78dB #1 0.01,
A Calendar"d, MFEEEFFE, ExiffiHENEAEE, FEETERZHEITH IMFR-Net 755
RWEML. M7E City"Fl'Walk ZHMLEBFLEHRABRHRT, MTCAN HEEMBEMNMERE.

%2 AESAESBRMEMEEE Vidd MR ENM4EEEE (PSNR(AB)/SSIM)

Table 2 Performance comparison of different video compressive sensing reconstruction algorithms on the Vid4 test set

(PSNR(dB)/SSIM)

-4 Calendar City Foliage Walk I E
MCBCS 17.99/0.51 22.37/0.51 19.98/0.45 21.83/0.70 20.54/0.54
RRS 16.26/0.47 22.11/0.61 19.01/0.45 22.70/0.77 20.02/0.58
CSVNet 18.63/0.50 23.66/0.58 20.85/0.49 21.83/0.67 21.24/0.56
CollabNet 21.56/0.81 28.39/0.84 25.77/0.82 26.61/0.83 25.58/0.83
IMFR-Net 24.84/0.88 28.42/0.88 26.92/0.87 26.79/0.89 26.74/0.88
AX MTCAN 23.89/0.87 29.53/0.91 27.06/0.86 29.59/0.91 27.52/0.89

(3) REKHE TR

A= MAXTTEERERERZ M THEMMHRER, AXLH T MTCAN 72 REDS4 itk £
B9 RD %k, ZERIUE 4 Fir. HRHEMA 001 BFAE 0.15 Af, PSNR 1 SSIM KL AR ., MAERER
GEIEKE, MERTFHEEEA), RPRLERSXEXTERBRERT S NERENMLEEES,
— IR R SR AR PRI 25 A PR
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Fig.4 Comparison of MTCAN reconstruction performance under different sampling rates
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Fig.5 Visual reconstruction comparison of different algorithms (SR=0.07)



” " ol
TSRN Col labNet MTCAN

6 AREEARBMRRETLE (SR=0.15)

Fig.6 Visual reconstruction comparison of different algorithms (SR=0.15)

2.2.3 ENERMESHENTLE

% 3BT T AAEEAERBAA PR TH TSN FLOPs, SHEMBMBMFENR . H T HRIENRER
B9TTEE M, B CollabNet b, HAEEIGHER—EHE NVIDIA RTX 4090 B FHIRS BT A LR
R, REFSINELZRY N PyTorch, BTF CollabNet fRE B MR RF AR R A MOA, KK HBMBE
ZEFEE NVIDIA RTX 3090 BRAYPR S =% L4, MiXEKA REDS4, BN HE 5K E A
1280%720 # 512x512, FLOPs FIFERS LT HEMGIT. RIFR DT 0.15 Ghi,

XHF 1280x720 MR, BIENSREBRELTRE —EER. 7 FLOPs JTH, ABPN HitHERS,
FERAETEXBZMERNEEHEEN, BETEFHEENRA. FNLAN # TSRN £ FLOPs HHXERAE,
H A FNLAN EZER A3 & B AR THEESAME, TSRN B R e84 FEBRESANEER
RXE, FtitEEBE —EEH. CollabNet fIFIEM FLOPs thiX 1R, X2 H AHHR F B 5 I R
HEMGCOPEMAR, BAXBMEMITEMNIERE, BELSHNEXBMEWENEE. HLZT, &
SCATiR MTCAN B354 0 FLOPs {4 1.26T, R FAIEXLLTT A, HEERRET, MICAN XA TRE
UL EIRNMERRBREGOIRNIESR, Eit, AL TFEMTE, NEBFELTRE, KEERIER
RER %

MEBITEWFERKE, KT ENEREE S FLOPs A —3, MTCAN BB MFER 4 116 ms, FEHHE
TFHMIEE TR, BEFEME, ABPN. FNLAN. TSRN #1 MTCAN 11 16 BifE b —MNaNKE, F—XK
MEH 16 R, FILEEHZRR S, M CollabNet X GOP EMER, BELEMXEM, BAEAX
BINERACREMIEA RN, IMETERTRAEBU T EZRRATY FLOPs A5, EENFENBESTH
177755, b, CollabNet AT A GPU MAEth IR FHAMT %, #H—SFm 7 HEEHK,



3F 512x512 K, B AENMESEHERIFAE, FLOPs F & ke B I FE % N\ 2 F3K & i BF
BT, BT 512x512 BEBRIBREEE A Y 1280%720 BB 28.4%, & 7535y FLOPs B{AKNE ZS &) ) HEK
WAL TR, B IR a)th SIARML T RE#EES,
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Table 3 Comparison of parameter count and reconstruction time of different algorithms at different resolutions
FLOPs #%& R
(M (M) (ms)

APE Hix

ABPN 10.32 8.50 M 568

FNLAN 2.66 461 M 203

1280x720 TSRN 2.64 407 M 210
CollabNet 2.57 3.60 M 1574

MTCAN 1.26 5.06 M 116

ABPN 3.00 8.50 M 150

FNLAN 0.77 461M 52

512x512 TSRN 0.77 407M 55
CollabNet 0.72 3.60 M 439

MTCAN 0.37 5.06 M 31

2.3 JHESCE
2.3.1 XBEHERTE

h T BIEARR AR TMEEM MM TR, ARE T — RIS ERM SR HTIIT, FEERAS
REEMERIE 4 Fior. KWTE REDSA MK E Li#tfr, FHHE—EHWAFE H 512x512, RHEEK A 0.15,
AR B A MTCAN B RN MAES B, T HES 3.

Bk, ATRWIESIANEERENEMRENTIR, HE 0 BRTHEZCERAVEG, XEMRBE
AR, 5AEE 38k, REMRELIM TRAMNIERML, PSNR M SSIM 225 kT 2.46dB 1 0.0255, X
WIS T RENAEEBRMEWNXRELSRE. ENEEGESRENERT, HHRDBEERMAIIN T
MEEUERHSRELR. R, ATRIELEIRANTEMERNOTN, HE 1 BEEIRNE%
ARRAE softmax IR /], HEMREERTRXATLEIRNNAS 31277 0.1dB 1 00018, EH#ME
MBS [E)IE N T 53ms, ARFAZEFRM 2 FU L. WAKHFETH, SMIRNEAEIRIMEM, K
RERFHT —ENEMRERRESHNELRE, FEBHFERBER ENEEH/HERSHNMNE
Bips. &E, ATRIENESRARMENERE, HE 2 BRENTRNEENRT EEN, HEY
REMRZTHSE 3 7 PSNR ETFET 0.11dB, HBRITEHHIAE B IHEEFHTEEN AT, HRERE
EMfEE, NEMRELEIERER. FB, NEMREAERE, JLBLEEMNFIMIRIE,
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Table 4 Comparison results of ablation experiments on key modules

WA B EMRE B A
- HBEXXERAN SEERA N¥EERAEF%E  (PSNR/ISSIM) (ms)

0 X N N 33.96/0.9382 31

1 v X N 36.52/0.9655 84

2 N v X 36.31/0.9632 31

3 v J N 36.42/0.9637 31

2.3.2 ZFREZWHERIKE R TRAL DT

AR —FAMHEHZSIOERN T L REFHRREMNERMRNT N, A0ORITTARERZAS
RN Z RESERIE, RAEERMEK S P, KRR BRI EA REDSA (DR A 1280x720) .
KK 015, KB P, BEASZMNFHDAREYN S AMERRMN 4 H. BURE 4 BERRARTAS,
ZFEARRERENMEMENTE. EAMESR, AXFHREZ MTCAN XAMNSRZRTASE H{1,
3,5 7}

B, YMASRIZIYRA 1x1 (A1, 1,1,1) B, ZREBSTEENNHNRIALR, EEEK
RBRFTASCRAML 3,5, HAATE PSNR #5457 L TF 0.17dB, HRIFE—ERERTHESIBABZE
B ({3,3,3,3 {5,555} {7,7,7,7}) , PSNR RER—E KNI {7,7,7,7}8HLE] 3571dB, BMHETE
REAE{1357}. BERIENE MNSHEREE {1.7.7. MMERSHEREST{1.3.5. 7}, BHEEMD
REHE, WA EE— REEINFEHER A T 4 H RN ERENSIREN 5izahiE . s —Pi,
ARGEMIA T BRAREMMNASEM ({1, 1,33} 3,3,5 51 {55 7,7}) , H PSNR 7 35.56dB
35.70dB 8], BMAMETF(L 3,5 THAE, HBREKERMRERARNE. i, AENEARELTHE
B94HE{3, 5, 7, 9T T XFtk, H PSNRIXE| 35.72dB, {BAARKMETA(L, 3,5, TMAESHIMRERI, Xi%AA—0k
MR EH T REFNENRIR. FEXKE, (13,5 NAEGERBRNSEFENER, #BEY
EHFRMBBATEAREEZNES, NIAKENEDEE.
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Table 5 Comparison results of ablation experiments on different multi-scale structures

% RE&EM PSNR SSIM
1 3 5 7 35.78 0.9574
1 1 1 1 35.61 0.9566
3 3 3 3 35.66 0.9564
5 5 5 5 35.59 0.9555
7 7 7 7 35.71 0.9567
1 1 3 3 35.56 0.9560
3 3 5 5 35.65 0.9568
5 5 7 7 35.70 0.9565
3 5 7 9 35.72 0.9568

s, AT HE—FRBED X P L RESREMMEHERIENFN, AOSHEZSOEENERPR
RIREES MR ERET T IR, EROAE 7 irm. NERTUEL, FERESRZFF
FMHEEYERHHARER, FERXFEFAMUARARSLEEEM L, BENRPARSEEMEFNE
UEYIHERX. 121 PXETBEXIFEBENA DAL ELSEER L, HIMEFRERNSG. BESCENHEHS
WRARTOMWE, WHANRESREMSE THESMALE LNAMEL. BESRERTEK, 3x3 M



5x5 AXAMRSEEH - R, MUEBEBERMBILSG, FREBATECEE RN R EELMNEWEL,
M FEBFZHEEN ETXER. HEEZT, 77 XRAHEROATCELEMIEN . BHFZF5H
BREXEGFEERMYE, BEANMLETOSE 77 DXHHRTRIESNZFTREL, #ETARE
HERNBRREEEREMTUNRMESN. ERERRY, FTRARENESZFHEFEEEMWY, Xt
BEREE T REHEMBUMASEE B RABE R BRI,

1x1 3x3

5x5 7x7
B 7 ARREED ZAHEmN o4 R (SR=0.15, “011"FF%F 2 11 hi)

Fig.7 Visualization results of feature responses from value branches at different scales (SR=0.15, the 11th frame of sequence

“011")

2.3.3 FRFIHKE T ITHEERBE 27

AFH—LEIUE ISR ENENER, AXERRMXFFIKET, WG EIFERNER#TT
ELHEANERE, ERWEK 6 R, He, “V'ERTRIRAIIESERAIBENE, < RREHBRAHLE
RMLL, MK EE G REDS4, DR B 512x512, RHEF K 0.15,

M&R 6 TTINEN, EAAEMNKFIIFH, SINTREREREN PSNR HBERFA. FEH, BEENRF
FIH< B R 8 M AN E 64 151, | IR AEERH SR A PSNR 1828 #4k 2+ FHE %, i1 0.0848dB IR FHE 0.1361dB.
XRP, HFEHNEKER, HEBEEIEFRZERROFEEMPE, Ml 1EERE AR K EEENR
BFERTHBFIIEN. ESIRNE, F5 011 M 020 AKFIEHETHREAEMBPE . XETELZR K 011
020 FHIPZEAENEANES, HEAXMEREIRTFERFSIARNTEER, FHELERE1RER

R EHT RSN A,



% 6 FEFFIKETH LI TIRELR PSNR XfLE (dB)
Table 6 PSNR comparison with/without the gated module under different sequence lengths (dB)
WHFFIKE 8 16 24 32 40 48 56 64
X 33.7028 344314 344889 343757 342817 342096 34.1622  34.1263
000 v 33.7603  34.5237 34.5855 344736 343770 343048 34.2491 34.2169

b1 0.0575 0.0923 0.0966 0.0979 0.0953 0.0952 0.0869 0.0906

X 37.0286 37.6001 37.9398  38.0387 38.0333 37.9418 37.9417 37.8615
011 v 37.1369  37.7294  38.0566  38.1589  38.1680  38.098  38.0964  38.0274

b1 0.1083 0.1293 0.1168 0.1202 0.1347 0.1562 0.1547 0.1659

X 37.9596 37.7584  37.6825 37.6555 37.6876 37.6997 37.6654  37.8357
015 v 38.0170  37.8579 37.8014 37.7810 37.8015 37.8194 37.7843  37.9588

#H 0.0574 0.0995 0.1189 0.1255 0.1139 0.1197 0.1189 0.1231

X 342637 354506 35.6592 354424 353319 35.3864 35.5073  35.6556

020 v 343796 35557  35.7721 355796  35.4809 35.5356 35.6659  35.8205
ZH 0.1159 0.1064 0.1129 0.1372 0.1490 0.1492 0.1586 0.1649

TR EME 0.0848 0.1069 0.1113 0.1202 0.1232 0.1301 0.1298 0.1361

3 &XRiE

AXIRHT —MET ERERNER IR NHOATERBRMEMMLE (MTCAN) . B, ATEDH
FURFFFI R R AR M, MR T R SUER NG, LS A a2k, ST BiE4E
XEBHNHTRRESHE. X, SHNAEAHRTERESEREEFENERY, SINFITERES
RARALEEH, IR ARBRZE THRIFIIRAEN. AR HUTEIRNHEERERFIKEE
REKAER, XAGZMIRNERTESERTE FEANEERARERNTIREEE, &Rt
ENERPATRELENRREN. XRERKY, SWAHITEALL, MTCAN ERFZHEMEIR 518
RHER, SEBRERINEWEE, FEASRAD LUERE. BRSBERMERT RHEAED
KBRRABFRM
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A Multi-Scale Temporal Cross-Attention Network for Video Compressive Sensing

Reconstruction
ZHOU Chao, CHEN Can, ZHANG Dengyin
(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: Video compressive sensing (VCS) provides an efficient acquisition paradigm by sampling video
signals at rates far below the Nyquist requirement, but severe undersampling also makes video reconstruction
a highly ill-posed inverse problem. To tackle this ill-posed reconstruction problem, this paper proposes a
multi-scale temporal cross-attention network for VCS reconstruction, which improves reconstruction quality
by exploiting the spatiotemporal redundancy within video sequences. The proposed method adopts an end-
to-end reconstruction framework composed of a learnable compressive sampling module and a temporal
feature propagation network. At the sampling stage, a learnable block-based sensing module is used to
replace the fixed random measurement matrix, so that the sampling operator can be jointly optimized with
the reconstruction network. At the reconstruction stage, the measurements are first mapped to an initial
estimate of the video frames. Based on this initial reconstruction, bidirectional temporal propagation is further
employed to introduce information from neighboring frames and refine the current frame representation.
Within each propagation direction, a temporal cross-attention mechanism is designed to model the
correlation between the current frame and its adjacent frame. Different from conventional self-attention, the
query is generated from the current frame, while the key and value are constructed from both the current
and neighboring frames. This design enables the network to retrieve temporal information from adjacent
frames and integrate it into the reconstruction of the current frame. Considering that motion patterns vary
significantly across different video scenes, multi-scale content representation is introduced into the value
branch of the cross-attention module. This design enhances the ability of the network to represent local
details and broader motion-related structures without disturbing the correlation calculation in the query and
key branches. To reduce the computational burden caused by long video sequences and high-resolution
features, linear attention is adopted instead of standard attention. Furthermore, a gated convolutional feed-
forward module is introduced after temporal feature fusion. By combining local convolutional modeling with
adaptive gating, this module selectively enhances reliable propagated features and suppresses unreliable
updates, which helps alleviate error accumulation during recursive reconstruction.Experimental results under
multiple sampling rates demonstrate the effectiveness of the proposed method. Compared with existing
reconstruction approaches, the proposed network achieves improvements of 2.55 dB in PSNR and 0.10 in
SSIM at the sampling rate of 0.01, and 0.93 dB in PSNR and 0.02 in SSIM at the sampling rate of 0.10. These
results indicate that the proposed framework can make better use of inter-frame information, especially
under severe undersampling conditions. Overall, the proposed method provides an effective reconstruction
solution for video compressive sensing and shows strong potential for low-power and resource-limited video

acquisition applications.
Highlights:

1. A multi-scale temporal cross-attention network is proposed for video compressive sensing reconstruction.
2. Multi-scale convolutions are embedded into the value branch to enhance temporal feature fusion under
different motion ranges.

3. Linear attention is adopted to reduce the computational cost of long-sequence video reconstruction.

4. A gated convolutional feed-forward module is introduced to suppress unreliable propagated features and

alleviate error accumulation.



5. Experimental results show that the proposed method achieves superior reconstruction performance under

multiple sampling rates.

Keywords: Compressive sensing, Video reconstruction, Attention mechanism, Feature alignment, Temporal
correlation
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