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Abstract: To reduce the high computational complexity in constructing and aggregating cost volumes for multi-view
stereo matching, existing methods commonly employ cascaded architectures or iterative optimization. However, these ap-
proaches still face two main challenges. The cascaded architectures narrow down the depth sampling range during the re-
finement stage, which may lead to erroneous estimation of depth discontinuities. While the inference time of iterative opti-
mization networks linearly increases with the number of iterations, making it difficult to meet the requirements of real-time
systems. To address these challenges, this paper proposes an efficient multi-view stereo matching network via adaptive spa-
tial sparsification. We introduce a sparse matching cost volume that sparsely samples within the complete depth range, re-
ducing computational complexity while maintaining the network’ s ability to model depth-discontinuous regions. Mean-
while, we propose a sparse iterative optimization method that progressively prunes regions with converged depth values dur-
ing iterations using adaptive variational Dropout, resulting in sub-linear growth in inference time with iteration count. Ex-
perimental results on the public datasets, DTU and Tanks & Temples, demonstrate that the proposed method achieves 1.2%
and 0.35% improvements of inference speed compared to CasMVSNet and PatchmatchNet, respectively. Moreover, it exhib-
its excellent performance in point cloud reconstruction, effectively handles details in depth-discontinuous regions, and dem-
onstrates outstanding generalization capability.
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works; Transformer
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T — =S8 0w R k- Ir AR A R
Mo iz = YE IR R /N — A IR SR /N
BT 20 mm Y S

ARSCRPEAS T DTU B4 o I8 B AN 14 285 X 4k 1Y)
AR B RN 2 Xl SR B KT sl B
THABZ R IR ALK T 2 mm BRI HE bR A
FeVEih 4% 2% (Soft Edge Error, SEEk)[32'38] , HE SN T
TR (RN SR8 Aol 4208 5 PR TR P88 LA ) e /N A X R 22
SR I E=S.

o PFAE Tanks & Temples i 4820 (1 5 g 001, T
1K MVS 5 #5358 EAELRHEA TR, 18 FH W sl i1 3
HF- 2 F-or BUVE RPN FE A5, I 6 A S i T R
58 % B 1 Y OR
4.2 ZHAT

AR SO ] PyTorch ¥R BE 2% S HEQRSCHR, 4F DTU



£

JA I8 T B 7 22 (V) i A 4 v 28 22 AL ST AR D T 3085

YNGR A U2, AR S AR B K A IF & Aii 78 hups://
github.com/colorfulgreen/ASMVSNet. Il ZEHT i A Z2 10 £
MG E R N=5, BIE 5 PER 640x512, TR B R AE TS Bl Ry
[425 mm, 935 mm ] , TR 8 {8 4 25 SR A R I R AF 5 i
435 A H=192 F K=16. ™ %% f#i J] AdamW fIt fk 5 F1
OneCycleL.R WISV, Fe K222 R4 0.000 2. 15 G ff
FH 2o Lo VNZR S A ER IR, TRAAFEAE S5 ORI 55 D BC AR AN
A AR e 5 B 8 FH A Lo, + A Ly BEA DI 25 27 A%
K, 15 BT GRU Y B4 25 1 AR P A A58 A 5 o5 Js it 1)
Ao Lo+ AgLy+ Ay Lo, WO 5 ARG VR, 159 B H B 2% A0 AL
R I e B 2 B Nvidia RTX 3090 GPU, % B it
KNIy 8. PPAG B, XoF it R B T o P LA — S0 K
A LB RS RSB A A o S
4.3 EeEENNK
4.3.1 DTU#iESE

ARATTE DTU PERE A EXT AR SO ¥ S B F R
MVS J5 3 1 5 HER0R . PEAG i A 22 90 R B 8 i V=

5, R HE3R 1 600x1 184, T B RAEVE [l 4 [ 425 mm,
935 mm |, ANF5 8 B B AR AL R B T=4. T 5 ik
3z A7 B ) AR A o5 FHZE— 3 NVIDIA RTX 3090 GPU
i . Seitis TR RIS, B AT 200 I LGS 1T 3
I3 2 7F Ok 200 IR 3z AT 17 Y SE B 5 8 AF R
nvidia-smi THSG . £ 1ES5 T EEXT G R, Kby
FARAR A BUE TR B L Es 9, F R FoR kAL 45
TransMVSNet'*' Fl CasMVSNet' > F A i) 7 A BIZ 43 Bt
RN 1 152x864. ALy ik i is 4 T3 BE A AT by i T
B, i an, ARG AL 4 IR (T=4) B}, 38 47 3 & [b Trans-
MVSNet H 3.6 1% . [t CasMVSNet" Pt 1.2 4% | I¥, Patch-
matchNet 7"} 0.35 % . Ht TterM VS " e 0.18 4% | Lt Effi-
MVSNet "' $t 0.12 1% , [d] 5 , & 7% 5 F AL ¥ T Patch-
matchNet!'”? LT A MRS SRAY IR T TransMVSNet”. 18
FRE RN EAGE AL — R (T=1) P I A v
AT BATIR IR T T CasMVSNet' ' Fl Patchmatch-
Net' 45 F5 8% MVS Jy 3 1) 5 B A R

£1 EDIUEE" EEHRFERMVS TENEET LER

Tk K5 /mm | SERLE /mm | K /mm | Fifa) /s | WAEIGB |
COLMAP® 0.400 0.667 0.532 — —
MVSNet'™ 0.396 0.527 0.562 — —
TransMVSNet" 0.321 0.289 0.305 0.79 4.24
CVP-MVSNet*! 0.296 0.406 0.351 1.88 8.65
CasMVSNet"”! 0.325 0.385 0.355 0.37 4.46
UCS-Net!" 0.338 0.349 0.344 0.71 5.79
CDS-MVSNet'*! 0.352 0.280 0.316 0.33 4.86
PatchmatchNet"”! 0.427 0.277 0.352 0.23 3.59
TterMVS'™! 0.373 0.354 0.363 0.20 4.68
Effi-MVSNet"®! 0.321 0.313 0.317 0.19 4.55
AS-MVSNel(T=1) 0.343 0.342 0.342 0.14 4.15
AS-MVSNel(T=4) 0.328 0.302 0315 0.17 4.15

K4 J&/R T AR SONES R MVS J5 i th 9K 7 vk
CasMVSNet""* F1H DL I 75 1 PatchmatchNet 7 i 7 2 p5
R . AN — AT (A A R (O R AE B 43 PR 7R 2
SR TS P R 200 45 b RO W AR 00 % DX 388, AR SO i )
e CasMVSNet! " F1 PatchmatchNet[]ﬂfEJ./r:l"\Egﬂﬁ%a
WA . 5% AT LD R IEAE 58 oy ik — 20 o T eSS
SPRAFE NS G X, AR SO E A s A T S
SERENE . Fe 2 IR T AT S CasMVSNet' > Fl Patch-
matchNet' 7 75 T B A 1 25 X 301 G 8 %F He 46 L, &
AL AR SO S e R 22 R, OF HAR T A
B2 EE b5 L. oA IR R R

(1) TEVRBE A 1452 K, 3K 7 1% CasMVSNet' 1
FROUERERAFE S , BAAMR R AL T BEXT I 24 TR FEH EL1H
SR 3k S AR ) 85 R L T S A B B TR R
O, ) BB AL B A R B A 1R A T 5 Bl S IS 48 Patch-

matchNet' " 7645 40 By Be 51 A T B2 RAE R BEDLIL 30,
{HZAR A 3Z S EB R AR JE BRI BR . AL Z R, A3 3.2
TR R A B UG FCAR AN AR 25 T SR IR B L
HATFPNBR RN R R IRE AT,
Tk O 7 RAE Y ] A2 BR 5 | kS i 3 2 O 52 [n) 5 BL AR
3.2.3 1 H FRATAAE B VT FC AR RUPE B ey SR 40 4uk -
R — 200 T i T IR B AR AN 2L X Bl 2
LW A AT 1T S A 1ok Y 3 )

(2) 7F 55 S0 S5 18 58 X, A SCHE 3.1 5 AR 4l 4%
EHLICES BT T 0 gt , I A FH Transformer H 41 &
N )2 RN R B A8 SO )2 B R AR 48
TR 285 K A7 i JR A AR ] (A A O AR 1) AR
T3 AN AR 332 e TR T g | A TR 8 R
KAEIR RS AU R B0 Bh G R RS A 1E N R
A HATAS ) ROEE A S = 5 M 0 R AE , DT AT B 5
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(a) CasMVSNet'"™

(b) PatchmatchNet!"”! (¢) BRI (d) 5= HAH

K4 DTUMEAGEE" S 5 13 Rt 5 15 (A 25t
£2 DIUTGEE" ERERESREE RS NE B LR MVSNet"'— (. 323 JE7 T 557 MVS 51 1 H i sh

TV iR 2 (SEE,) R AR VR AR T R R OB AR Ly i AR AR RN

ik V9 | <lmm | <2mm | <4mm | <8mm ISR . 5 Cas,MVSNet[m i PatchmafchNet[m Tﬁ

oot | ot | et | st | et H AR SO AR A S P-4 B0 48

T 3.1% M 6.8% , 15 i P EHE 4L (1) F- 15 F-50 800 B v

CasMVSNet™ 19.65 | 49.02 60.49 69.41 75.88 T 6.3% F15.1%. 55 H L o 9 B0 4E - 10 5 15 7 i
PatchmatchNet'” | 10.50 | 54.59 66.74 76.01 83.07 TransMVSNet i JT] 7 B85 2= 0 3D 2 B, i A
AS-MVSNet 863 | 6075 | 7223 | 80.10 | 85.61 AU FH 2D 28 . 5 TransMVSNet 4 L 2 )7 376 o
T i SRR S L PSRRI T 3.6% , (155 vh U g

SEE AT D T 83%.

4.3.2 Tanks & Temples #{{F&E .
K 53— R T AS )7 EEAE Tanks & Templesm]

Ry S UE AR AL 1)z AL RE T, FEATTHE Tanks & Temples
BRE B DRSS E A S SR UEICR . PEAG I A
Z M G ECE N=9, R4 BE3 R 1 9201 024, 4K
HCH T=6, FIHLSEL IR R 0 AR 1 16 4% 5 R-

Hh KA A AN SRR AR L A s R AT AR SOR
ROV 7 5 1T S A A2 4 A RO R AR AL 2 B A Pk R
(37 55 T AR SO AT R B B R R ) A RUCR , B
e T AR B S 5 P AT Rz AR

%3 7ETanks & Temples™ L EMEE LR

B P50 1 e PR F- 5380 % 1
k[ [
Fam. | Fra. Hor. | L.H. | M60 | Pan. | P.G. | Tra. Aud. | Bal. Cou. | Mus. | Pal. | Tem.
fH fH
COLMAP™! 42.14 | 50.41 | 22.25 | 26.63 | 56.43 | 44.83 | 46.97 | 48.53 | 42.04 | 27.24 | 16.02 | 25.23 | 34.70 | 41.51 | 18.05 | 27.94
MVSNet* 43.48 | 55.99 | 28.55 | 25.07 | 50.79 | 53.96 | 50.86 | 47.90 | 34.69 | — — — — — — —
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AS-MVSNet 59.94 | 76.44 | 58.11 | 55.06 | 61.14 | 58.45 | 58.99 | 56.9 | 54.44 | 37.37 | 28.07 | 41.93 | 35.76 | 47.08 | 33.26 | 38.14
4.4 HEXKS5SWH AL TTVE . BB SEELAN Y 5 4.2 1 AR ], AN ReER TG

BH B, DA s A 22 00 I RS B0 =5, EUE 0 3R Ry
1 600x1 184, IR RFEJE M [425 mm, 935 mm |, IR

A 8 5 DTU AL A 1 0 4 il 52 36 36 1F AS-
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(b) FZEHRA:
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4.4.1 HBLSCIG

TH RS A5 N3 4 PR, Horb A S g0 37 ik
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TR RS0 5
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0.348 mm P& & 0.315 mm. Transformer Y 4> J5) 8% 57 B
FEE AR LA A7 Gt B B R A1F e 6 S B ) T DE RC 1)
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T i A R 174 53 HE 3 0 B 25 D FCA RN 44, P
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32%, [ a5 25 A ASOR 5 B A D BCA AN PR >
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