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Background

e Classic Reconstruction

- SIM(Structure from Motion) / MV S(Multi-View Stereo)
- Multi-viewO| Al geometryE =
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Background

* Neural Rendering

NeRF /3DGS

- Rendering 7| &t

t XM=t 2 3DE PHE 1 NVSE B SH= pipeline

- NeRF : 3D 37/2 MLPE AE510] HEH

- 3DGS : 3D Gaussian attribute= At25}0{ 3D &
. Of 2 BHF-Z rendering S =& E O|H, explicit
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Background

* Feed Forward Gaussian Splatting
- Gaussian Splatting 2| £H
- 7|Z&9| 3pGS2 SMIt 22 WO 2 A2 Ipijtial Point Cloud 7t Z R
- Iterative algorithm(Densify & Prune)= AFE S| M Z|F Gaussian Splatting=

=H E S}= Feed Forward 7|2F2| B Of| CH

K| SH
- O

Sk 171 TS

£ 28510 3D Gaussian Attribute = regression
= X-l

Image-to-3D Gaussian Splatting=
) 9| featureE 28
=5l A Camera PoseE F

- 3D-aware Model ( Dust3R, Mast3R , etc ...
|2 0|0| X|2F2 2 3D reconstructions o LS, 3D reconstruction 21
= 0j| M= occlusion, scale/depth ambiguity =0 3D &£t/ (geometry consistency)
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Rendered Target
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] rl.Z—'l' cl.Z—»l, sl,Z, al,Z

Gaussian Param. Head J
Render

Multi-view . | H S
ViT Decoder Gaussian Center Head J — > i
Pose Head <
3D Gaussians
l Reproj. loss | SR [ Rendering loss ]
Multi-view ¥ Bt P33
Pose Head )
Encoder ViT Decoder
Unposed Target
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Background
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* Feat2GS
- Off-the shelf VFM (Visual Foundation Model) 0| A{ 2| feature=
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- 3D Dataset@ £ StS E|X| &2 VFMO]| CHSH A 3D taskOf| A 2| =

- VFMO| feature’} AN 2 3D HEE LOILI HEXE EQ=

* MoGe
- T O|O| X| 0| A] Open-domain 3D+ scale/depth ambiguity Ol 2|5l supervisionO| &=0t=
=X 7F =Y
- MoGe= Tt O[O X[ 0| M| = open-domain geometry= QHEM O 2 E = o5 i
A F
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" Feat2GS: Probing Visual Foundation Models with Gaussian Splatting."

[CVPR, 2025]
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Introduction

* 3D awareness of VFM feature
- ST VFME downstream taskH Al SRt QA ZE AIEX|10 QS
- VFM2 3D-downstream taskO| & -&5}7| 2|6 A= VFM FeatureOf| Lo B 171 S22

- VFM feature2| texture awareness 2} Multi-view dense consistencyS &7} St7| 0| =
- == 0| Al = 2D multi-view dataE S| A NVS taskE A =N HILE R
: O] =20 A K| Q5= GTA schemeS 8 A feature E4S IHet

= o=
DUS3R
Textu re G=Geometry T =Texture A =Geometry & Texture MASI3R
—e— MiDaS
b —e— DINOv2
G-LPIPS T-PSNR DING)

~&— SAM
~&— CLIP
RADIO
—a— MAE
—e— SD

G-SSIM T-SSIM

G-PSNR / T-LPIPS

-
"~ A-PSNR

A-LPIPS

A-SSIM

A e K-k |V_DS|
' SOGANG UNIVERSITY 8 D




Method

* Feat2GS

- Gaussian Attribute estimation
- VEM2 frozen S} 0 feature map T2 =&
-PCAE AME3}I] feature2| channel =& L X|A| 7l CHZ, shallow MLPE E 3| attribute =78

- PCA output dim (= 256) — 256 — out dim(Gaussian attributes)

« GTA probing schemes
- Feature2| £ 2 LOLE 7| 2t schemes
- Gaussian attributes = 0| A geometry, texture O Sl &St attribute TH2 FESHY feature S48 =0l
- Geometry(G), Texture(T), All(A) 2 LI+=0{ A TISH

Bag of VFM Features

T PN )J -)' Feat2GS | -Geometry -Texture -All | InstantSplat [22]
- == Readout i e S g o Feature-Readout | z,a, X% c T, coo ) -
Free-Optimize c T, 0,5 - T, c ool
shared weight
G)
‘ {xi,a;, X;} = g( (f;) - Geometry
' =» Readout =¥ o
- {e;} = g((9 J(£,) - Texture
: shared weight
A
T, %, c {mzaauzucz} _g( )(fz) - All
- == Readout
Geometry Texture ) o
min |R(g9e(f), T) —Z|| - Training Loss
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Experiments

» Experimental setup

- VFMO 2= 2D 2} 3D H|O| B 2 2t 2zt St& K|

+ VFM 0| 2|0f TUVRGBE featureEMN ALE
- Image index(I), Pixel coordinates(UV), colors(RGB)& concatotq feature = AtE
- Dataset S = = Multi-view dataset(LLFF, DTU, etc .. )% INEES
-2t dataset= 2 ~ 771 2| view= sparse view 7} £| == sampling ot AL

10 7HO| EE—IIO |:||_|

- Test view = training view{| Al 7tE HE[7F H viewE ALE
- Metric
=

-PSNR, SSIM, LPIPSE Al
VEM Arch.  Channel Supervision Dataset Dataset Scene Type Complexity View Range Views
DUSGR [94] VIT-L/16 1024 Point Regression 3D DUSI3R-Mix :
MASGR [49] VIT-L/16 1024 Point Regression 3D MASt3R-Mix LLFF [60] Indoor Simple Small 2
MiDa$ [70] ViT-L/16 1024 Depth Regression 3D MiDaS-Mix DTU [1] Indoor Object Simple Small 3
DINOv2 [64] ViT-B/14 768 Self Distillation 2D LVD-142M 5 - i
DINO[9]  ViT-B/16 768 Self Distillation 2D ImageNet-1k DL3DV [52] Indoor / Qutdoor  Moderate Medium 3-6
SAM[44]  ViTB/l6 768 Segmentation 2D SA-1B Casual Daily Scenario  Moderate Medium 4-7
CLIP[69]  ViT-B/16 512 Contrastive VLM 2D WIT-400M MipNeRF360 [4] Unbounded Moderate 360 6
RADIO [72] ViT-H/16 1280 Multi-teacher Distillation 2D DataComp-1B MVimgNel [1 | ]] Outdoor Object Moderate 180-360 2.4
MAE [33] ViT-B/16 768 Image Reconstruction 2D ImageNet-1k .
SD [75] UNet 1280 Denoising VDM 2D LAION T&T [46] Indoor / Outdoor High Large 6

R S THEED VDS
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Experiments

* Quantitative Results

=NNe] ol A S AR A2 71 M50 =S

. EHTT_— VFM Model A Geometly Scheme = A oo|_|' oT / o o oo S AT
= =240 AL 710 M= ||:|:-|0.| ||_ 74 |_E ol
- Feature Of| A| Texture & HIZ SO 2 Y= 42 50| B0 X|= 41E EY
O| |-|h |-|=|7<"' O TlO|St A Ol

- VEM 2| feature Of| A| = Texture-awareness’| 59t A2 2H0lat 4= QU

| LLFF | DL3DV | Casual

| Geometry | Texture | All | Geomelry | Texture | All | Geometry | Texture | All
Feature |PSNRT SSIMT LPIPSJ.|PSNRT SSIMT LPI.PSllPSNRT S5IMT LPIPSJ.|PSNRT SS5IM1T LPIPS.LIPSNRT SSIMT LPIPSL|PSNR1‘ S5IMT LPIPSJ.|PSNRT SSIMT LPIPS.LIPSNRT SSIMT LPIPSL|PSNRT S5IMt LPIPS]
DUSI3R | 19.88 19.01 7120 .2262| 19.87 7190 .2691 3196 18.01 6815 3219 19.39 7360 3458 19.29 [16562" .3580| 17.54 .5693 3750 19.19 .6556 .4050
MASGR 1901 7115 2261 2657 7334 3188 | 18.07 .6813 3211 3464 | 1930 6550 3576 17.59 5708 4027
MiDaS . 7420 2154 | 19.00 7129 2261 | 1986 .7142 2733 1947 7271 .3311| 1794 6796 .3224| 19.22 7201 3493 | 19.24 6545 .3612| 17.52 5693 3757 1896 6516 4073
DINOv2 1977 .7345 2226 | 19.04 7133 2254| 1991 7163 2637 1947 7293 .3288| 18.00 .6805 .3223 19.27 7317 3479 [[1043 6524 3698 | 17.64 5701 3754 [1921 6535 | 4023
DINO | 19.81 7423 2140 1898 7121 .2260| 1997 7212 2744 1960 7324 .3209| 17.97 6790 .3219 7359 3476|1924 6513 3614| 17.50 5683 3756 19.10 6566 4056
SAM 19.72 7354 2181 | 18.98 [ 7133 2260 19.76 .7144 [ 2629 19.48 7297 .3271| 17.97 [ 6822 3218 19.20 .7272 3459 | 19.32 6469 .3704 | 17.52 | 5725 3736 19.19 6569 3981
CLIP 1978 7378 2221| 19.02 7113 2276 | 1974 7136 2822 1953 7295 .3304 | 1805 .6771 .3235 1922 7310 .3563 | 19.21 | 6552 3719 17.46 .5669 .3743 19.05  .6582 .4084
RADIO 1973 7402 2207 | 19.06 7101 2301| 1956 6999 3252 1948 7313 18.03 6748 3254 1920 .7316 .3654 6545 1752 5666 3748 1867 .6533 4216
MAE 1975 7363 2183 | 19.00 7128 1992 7209 1954 7288 .3248 | 17.98 | .6821 1934 7310 19.03 6502 3690 | 17.51 5691 3758 19.18 6547
SD 19.62 .7293 .2234 | 18.85 .7100 .2297| 1978 .7121 2656 1931 7251 .3276| 17.79 .6784 A3260| 19.10 .7282 3500 | 19.24 6483 .3649 | 17.38 5698 .3789 18860 .6505 4053
IUVRGB 15.55 5765 .3986 2262| 1538 6175 4308 1478 .6326 .4541 3250 14.05 6431 4386 | 13.17 5454 5248 3846 1371 5917 4955

| MipNeRF 360 | MVImgNet | Tanks and Temples (T&T)

| Geometry | Texture | All | Geomelry | Texture | All | Geometry | Texture | All
Feature | PSNRt SSIMT LPIPSL| PSNRT SSIM{ LPIPS||PSNRf SSIMt LPIPSL|PSNRT SSIM{ LPIPS||PSNRT SSIMt LPIPS||PSNRt SSIMt LPIPS||PSNRT SSIM{ LPIPS|| PSNRT SSIM{ LPIPS||PSNRT SSIM{ LPIPS|
DUSt3R  20.82 5008 .3795| 19.10 .4489 .3816- S5048 4752 1947 6004 3073 | 16.88 5348 A3334| 19.43 5937 3674 | 18.85 .0458 .3715| 17.53 .6222 3328 1861 .6477 4023
MASGR [200027 5093 3745 1921 4540 3803 | 2092 .5054 .4749 1949 .6008 .3032| 1691 .5350 .3337| 19.49 18.80 6428 3703 | 17.68 6238 3319 1876 .6512 3991
MiDaS 2089 .5059 .3815| 19.05 .4509 .3813| 20.84 .5004 4795 1935 .5900 .3222| 16.82 5336 .3343| 19.34 .5910 3672 | 18.53 6374 .3798| 17.64 6238 3333 1832 6428 4039
DINOv2 20.81 .4946 3953 | 19.05 .4495 3821 2075 4924 4684 1935 5806 .3246| 16.88 .5359 3344  19.43 5943 3674 | 1871 6432 3772| 17.58 6214 3348 1843 6443 4064
DINO  [2091 5054 .3769| 19.18 .4545 .3795| 2083 .5010 4772 1944 5982 .3071| 1690 5394 3320 1941 .5952 3683 | 1875 6416 .3733| 17.66 6233 3330 1861 .6467 .4030
SAM 2073 4913 3945 | 19.14 4556 | 3775 2075 4949 [630] 1923 5899 3188 | 16.84 5346 3346 1920 5915 | 3649 18.65 6421 3780 | 1749 6217 3338 1843 6425 4029
CLIP 2080 4982 3913 | 1928 4543 3807 | 20.88 4984 4773 1941 1696 5362 3358 19.37 5969 3695 | 18.02 6463 3729 | 17.81 6226 1875 6515 4052
RADIO  20.87 1935 4550 3819 2091 (15067 5127 1699 5373 3366 5955 3946 17.84 6225 3321 4109
MAE 2082 4992 3884 | 19.14 | 4572 3781 2079 .4995 4668 1923 .5009 .3142| 16.84 5355 1925 5914 3680 | 18.65 6395 .3758 | 17.55 6234 3333 1849 6451 4000
SD 2071 4962 3985 | 18.89 3830 | 2059 4929 4672 19.08 5881 3185|1663 5313 .3389 19.06 .5838 3660 | 18.69 6422 3772| 17.32 6217 3374 1855 .6467 .4020
IUVRGB 1645 4075 5910 J3911 | 1641 4187 5929 1483 5069 4648 A343]| 15.38 .5362 4699 | 1529 5846 .4736 3396 1517 5948 4718
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Experiments

Qualitative Results

GT DUSt3R [94] MASt3R [49] MiDaS[70] DINOv2[64] DINO [9] SAM [44] CLIP [69] RADIO[72] MAE[33] SD [75]

e

DUSt3R MiDas RADIO MASt3IR DUSt3R

IUVRGB sD IUVRGB Training views D IUVRGB Training views

(a) RGB Renderings (b) Expected Depth Renderings (c) Expected Normal Renderings
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Experiments

* NVS correlates with 3D metrics

- 3D metric@ £ ™ot A9} 2D metric 2H2| correlations =74 o
- 3D metric 212} 2D metric A& H| WSt A =2 HAME HO|l=
C A

- 2D rendering & & 0| 227} GT point cloud 2t2| 3D metric E£oF &5

- Completeness % correlationO| LM O = A =7
o O

- 2D NVS metricO| Occlusiond}t 22 3D problem=

1828822 dde

NVS

| 2D Metrics | 3D Metrics

Feature |PSNRT SSIMT LPIPS|| Acc.. Comp.. Distl

Pointcloud

1238030 ddd

DUSt3R
MAS3R
MiDaS

21.36 .7772 2195
21.44 7792 2177
21.09 7712 .2254

2439 1316 6.955
2321 1.286 6.557
2934 1.412 8230

2D Metrics

Acc.

3D Metrics
Dist. Comp. Acc,

};’
; ) J DINOv2 |21.01 .7695 .2277|3.101 1.337 8.588
3 = 27 25 o DINO |21.40 .7783 2187|2440 1316 6.885
. - , e ; i ; ‘ . SAM  [2093 .7660 .2304|3.176 1.339 B8.785
= “ CLIP  [21.26 .7752 2215|2357 6.739
yyy)&yy,”v}y
g it % e # % ” MAE  [2096 .7666 .2289 (2963 1.337 8.374
3 - ‘ } j & SD 20.76 7638 2343|4334 1.603 11.594

IUVRGB| 16.09 .6825 .3134 |13.015 16.957 46.671
DUS[3R["4| MAS[3R[4J| MxDaS[H] DINO\"[MI DINO[ SAM[4] CLlP[h‘)] RADIO[72]  MAE[33]

Comp.

°S Acc. Comp. Dist.

2D Metrics 3D Metrics

Dist.

o
L 3

(b) Correlation Matrix

(a) 2D Metrics vs. 3D Metrics
SD[75]  IUVRGB

P‘ AW THEE D VDS
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Experiments

* GTA Modes comparison
- Texture mode 0| A| geometry7} Y7} X| = A2 =20l
=X

- VFM feature”’} geometryOil CHSH A 2ot Prior2M S&5t= A2 E0E
- All mode 0| A| = geometry2t H| WSt blur7} 22 A2 240l
HZol A2 HOF= 2 &

- VFM feature 0| A| high-frequency informationO| &

=0 M= VEME| texture awareness”Zt £ SFCH 1 S| Ad

=

M

- 2D Metricoﬂ Cii ot = A
- PSNR, SSIM 2| &2, 3D reconstruction%| A Geometry reconstruction &1 &

-LPIPSO| A2,

A 0|

—

i

o o
g A= 20 E

Texture/appearance ‘S A &

PSNR LPIPS

T- 0.51

-0.17

Eikigd k- nk
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Experiments

* Geometry awareness & texture awareness of VFM
- Geometry awareness
- Supervision 2 £ 3D, 2.5D data® 252 2 & O| blur?} &2 3D reconstruction 21 H &

- Depthmap prediction(MiDaS)2} 3D supervision(DUst3R, MASt3R) Z 1t & H

: = Hlwst A1 3D
supervisionol L3t

= MiDaS= Relative DepthS 3 S}7|0]|, view/ distanceOf| [Tt} 2t £40| EatX| 7| [ 2
vViewOll [h2tA gauge 7t CEE A FHSH= A 0| 7Hs5H7|0f et

= Texture awareness

A A| texture-awareness’ £&5oF A
fe= A&

DINO ~ DINOv2

R B TUSED | VDS I
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Experiments

* Feature upsampling® vs Fine Tuning”
- VFMO| Al & = featureOi| A| high-frequency texture& = 7| ¢/ B H
N

- Feature upsampling 2 feature fine-tuning(warmup stage Ol A feature optimize)Z} Z4Of CHSH A 2

0%

- FeatureS upsampling Sh= 2 2 CH= Fine tuning S A 0| A|ZHH EX 0| 4%

- B9 feature upsamphng O B2 feature 0| Al =4 &l high-freq ‘S =2 X X[ 212 interpolation Of
9I of IH 710fl, blur =7} A&t

o Scene—speciﬁc 0P71| feature7f StEE|7] 20, 5 SceneOl| M 2| It HHEHE sh&5dt= 40|

tsaiR 7| &

| All Datasets

| Geometry | Texture | All
Feature |PSNRT‘ SSIMt LPIPSil PSNRT SSIMt LPIPSJ,' PSNRt SSIMf LPIPS|

DINOv2 | 19.59 .6406 .3364| 18.03 .5951 .3291| 19.50 .6388 .3760
DINOv2* | 19.67 .6480 .3202| 18.10 .5950 .3291| 19.58 .6443 .3894

DNV 1978 6552 2962 ISI8 5968 %2 1980 6614 347

DINO | 1963 6452 .3256| 18.03 [15961% 3282| 19.55 6427 3793
DINO* | 1972 6485 3207 18.03 .5941 .3291| 19.64 .6465 .3839

DINO' 1974 6557 2918|1809 Soi9 3235 1969 6630 35t

CLIP 19.61 .6436 3331 | 18.10 5947 3289 | 19.50 .6416 .3832
CLIP* 19.68 .64660 .3222) 18.09 5941 .3286| 19.63 .6468 .3842

2> L 5D Lgd” LD [ 5D had” Lid” |5 by CLIP*
. DINOvV2 DINOv2* DINOvV2® DINO DINO* DINO* CLIP CLIP+ CLIP* GT
AT THEED | VDS I
N SOGANG UNIVERSITY 16 Las




Experiments

» Feature Concatenation
- VFMR| 54 & &AM A&t Z1HE H|
- VFM + IUVRGB B & 2 At23}0| Gaussian attributeS FEoH 21t 40| 24 S7t
-VFM2 T 2 ALESt= A ELF 0 2 Model2 Concat St=

- VEMO| BOX| 7 €5 29| S5l SE= 25 §50[ 7h40] O

All Datasets

Method PSNR 1 SSIM 1 LPIPS |

InstantSplat [22] 18.87 0.6044 0.3039

Feat2GS w/ RADIO 19.73  0.6513 0.3143

Feat2GS w/ concat all | 19.80 0.6545 0.3105

Feat2GS w/ DUSt3R | 19.66 0.6469 0.3247 3N — Descending

Feat2GS w/ DUSt3R* | 19.75 0.6561 0.2928 0.4 . --= Ascending
i st W DINOv2 W CUP SAM [ DINOVZ+CLIP+SAM [ RADIO 03157
i:: 0655 0.34 0.314 l_---‘hl I I
e 0645 ” -+ 0.313 £ ,” -
o) m g I
wal™] Z0.312 DIND AN
10| 0838 _lu Sy | N,
e PSNR T SSIM T LPIFS L ) : ?L[:fs

(a) Concatenated Features vs. RADIO 0-310 oo
:: e mRo  Mya vAce  MRADOEsvRGE MRMASRR 0.309) mm EE,RGE
B 6 gao :.:: 0-308 1 10 11
] o Concatenated Feature Number
et PSNR T S5IM 1 LPIPS ¢
(b) Concatenated Features vs. MASt3R V DS
SOGANG UNIVERSITY 17 -
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" MoGe: Unlocking Accurate Monocular Geometry Estimation for Open-Domain

Images with Optimal Training Supervision"

[CVPR, 2025]
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Introduction

* Monocular Geometry Estimation(MGE)

- Scale Ambiguity Problem
- Monocular setting 0| Al 2 M| 2| A K| depths ( Z value)E FTEoH7| 02

- Projection & [, Intrinsic parameter( Focal ) 1t Z value?} &Sl X| 7| 0]|, Optimal Value2|
80| o2z

X Y 'U—Cy
“U=fir ot e, VEfoot0, X=

u—ch Y —

) Z
fx fy

;' Projection & [Mf, %g = BFEE[7]0], scaleO| SN E s Yo 4= B F

- Recent Study
- DepthMap Estimation Method ( Camera Parameter =& — 3D Lifting )

:': Foundation Depths Estimation Model= A& S Al Depth & 7t 2} parameter = =
oid 3DE HIE2ZE =¥
- Direct 3D reconstruction Method ( 3D Lifting — Camera Parameter =3 )

: Dust3R, Mast3R2} & 0| image= S H 3D reconstructione 282t Ct& down
stream2 = camera parameter 3

ﬂ AT THSED VDS
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Introduction

* MoGe ( Monocular Geometry estimation)
- Single Image-to-3D points Model (Fg : [ = P)
- Camera parameter—= Downstream2 £ 0| %, Open-DomainOf| A AIE3St7| ¢
- Affine-invariant Point map= O| &35} 0] Robust?} 3D point map= ‘&3
-P=sP+¢t VsVt

Inference
— 9
| o Shift 2 t
viT - Conv | ﬁ Recover
‘ Dec. » X 1 .
. ) i F y Focal f
e-invariant o S Camera-space
point map P M. NOF point map Depth map
Training
Global Local Normal Mask
5d "ot | Hwor Byor @aor iy W a
“ ' “

“' £ "vn. N & £ R

»} 57 oP ?’ s oP - 57 oP
a4 =7 -

ﬂ 447 CH 8k
20
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Method

 Affine-invariant Point map

- Scale-invariant P ~ sP
~ Similar images2t®= H2| 228 X}O| (f,d)7t CtEH GT7F E2HE
- scale-only B &2 supervisionO| M2 S=5t= X7t XY
- Affine-invariant P =~ sP + (0,0, t,)
- scale + depth shift2 70| 2F HE| X}O|& 278 — GT & pred & 218
- t, = depth offset= S St 04, shape-position2| 2T =A| 2t=2}

Input images Predictions GT geometry & cameras Scale-invariant Affine-invariamt

¥ ¥
i [ i
e -3
Similar images Similar predictions Distinct focal lengths & distances Xinconsistent supernvision + Consistent suparvision
- v
- E
4 =
(a) (b) e}
R A% T 8k VDS

SOGANG UNIVERSITY 21 LAB



Method

 Training Objectives

= Global point map supervision

L= —Hsm +t—pilli ("5t7) —argmmz — [lsbi +t — pill;
'IEM s, ieM “i

- Optimal s* ,t* & T-6}11 Pred Point map= %[ &2} o= 7=
- Outlier0i| Robust o}7| [SHA] s*, t*& L1-LossE & 6l Al Optimize
al

:':L1-Loss2| 8% Optimal point =X/ 0| M= O[F 0| 2tE| 7|0, Gradient DescentZ =
+=H0| =5

|_

;' Linear Programming( Simplex, Interior-point ) 2f €= HHO = XM}
vLP O ZR2 ON)Q| AlZH BRIEE JIX| 7|0, N = H x W x T Ol A= 7| A0
Oro
(k=1

=0 M= 0| Z[H =} 37| 22 O(N2log N)2| Optimal Solver(ROE
ahgnment)E Aot

- Breaking Point T X 0| A{ Optimal Point 7} 4§ 2= 0| &

R AW THEE D VDS
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Method

 Training Objectives

- ROE Alignment(Robust, Optimal, Efficient Alignment)

- L1 Loss property
% mtinZiWiH t

v ks

— a;||, %l AT Optimal point=
DNHSICHH ¢ F q 2 X2

- L1 Loss2| 582 ’51%&% Cr=1t 25

Jm

dindex k O|Al t = q, Ol A =Y.

2k — sZk|1

(s",t") = argmin Z — |lspi +t — pill;
s,t ie M Zi

-2 O|ff, Outlier &=

=0[7] ?I3H, Loss At HRE

» min Y LHSP; +pi +
S deM

Mt (min(-,7))

Algorithm 1 Overview of ROE alignment

function SOLVESUBPROBLEMI)
Enumerate breakpoints of the piecewise linear function.
Find extrema among the breakpoints by their derivatives.
return s'*) with smallest objective value I'®' at extrema.
end function

for index &k = 1o N do = parallel computation
Formulate subproblem by substituting ¢. with z, — 5% 2,
Solve scale s and E“‘“ via SOLVESUBPROBLEM().
Obitain translation t[ as z. —s'%) 2.

end for

Select optimal s* and 2 with smallest function value 1'%,

ﬂ 447 CH 8
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Algorithm 2 ROE alignment subproblem w/o truncation

input: arrays X[l.,n]. X[1.n], W[l..n]
output: optimal scale 5™ and objective value [* to Eq. 11

function SOLVESUBPRDBLEM{JE', X. W
sort arrays X, X, W by X[i]/Xi]
Q[1..n] + accumulated sum of W + X
D[0..n]  {~QIn)} U {2-Qlil - Qlnl}s
i 4 the first i s.t. D[i — 1] < 0 < D[4
s* — X[i*)/X["]

I* + objective function value at s*.
return s*, [*.
end function




Method

 Training Objectives
= Multi-scale local geometry loss

- Global s, t= M-E835l= 4% Local geometry | A2 ahgnment7|' X = =H7 U=

~ GT pointO| CHSHA] 3D space2| CH 24 Z2 0|0 H| 245t (Z 1—6 64) Local region= X|’3

- Sl Local region 0| A{ scaleX translationE %=7| 2| ROE alignmentE & 5H local
scale ,translation A 2F

= 11 . —pill <r;,ieM
{ |||p! pj'” J } Z IS_ZZ_“%pi_I_t Pt'Hl
rj = a»zj~—‘w jEHa JEHaIES,
Training

L=2A¢Le+ Ag1 Ly + AgaLss + Ag3Lg3 + AnLy + AyLly

- Global Local Normal Mask
'o . \ o~
% » ' MOP ? svor 2y sPor A sPor iy e .
- .m‘ b .»; <
i | L Ls, Lg, Lg3 Ly ]
= 2
5, 22 @ | : _ [ adad
T $mF mor ~y SV OP g,' s570P - sPor @ n © M
s Loy . pe's
2 »
O

R ST Multi-scale local geometry loss VDS
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Method
 Training Objectives

-Normal Loss £~ = ZM £(hi, n;)
- Surface quality= ‘:'_-:: é| 7| M ALE
- Predicted normal2| 4% 21E Bt point2}F2| cross productE &oH Al A4t

-Mask Loss Ly = |[M = (1 — Min)||?
- MoGeO| Mask head2| St52 oA ALE
- Stz 1f 22 depth7t 0 21 BFO| H 2 ah5 2HH-ES XSt 0, masking 3H7| £IE

- SegFormer[NeurIPS 2021]2| Z21I& GTEZ A

ofo

Training

L=2A¢Le+ Ag1 Ly + AgaLss + Ag3Lg3 + AnLy + AyLly

= Global Local Normal Mask
.o =
5 4% moP 2 swop By s20p A sVop i, | e S
? . Pe / '?’, s i
) v
e - Lg L1 Ls, Lgs Ly ]
= 2
= L 9 @ [ .
2, 7 wmor ~y 5 OP & sPor A sPor n wY .
g1 = 4
o
R ABTHED Normal & Mask loss | VDS I
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Method

» MoGe Architecture

- DINOv2 ViT encodeE frozen SF0] AtE

-DINOv22| Ot X[ 8} 470 2| 1ayer2| outputO| CHSHA] 1x1 Conv O| 2 summation S+ feature
map2 E AL

- Conv Decoder
- ConvTranspose(2x upsample) — Conv — ResBlock 2 = T+ &l stageE 32 ALE
- Off EHAIOC} featureOll UV(2-channel)& concatSt O] position cue 2 ZH&

7

Inference Conv

ViT Conv . )
: || Dec. 4T

Conv

Afﬁne-in;/ariant'

point-map P Masc

Input I

ConvTranspose

PR sazusa 2D VDS
S
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Experiments

« Experiments Setting

- Baseline model
-Monocular point map estimation ( LeReS, Unidepths, Dust3R )
-Depth map estimation( Zoedepth, MiDas v3, Geowizard, Metric3D v2, DA vl, DA v2)
= Point map estimation
- NYUvV2, KITTI, ETH3D, iBims-1,. Sintel, GSO, DDAD, DIODE
;' Sintel 2] Sky region % DIODE2| boundary artifacts = Al o0 AR

. Name Domain #Frames  Type Weight
A2D2[21] Outdoor/Driving 196K C 0.8%

" Metrlc Argoverse2[62] Outdoor/Driving L1M C 7.4%
N . ARKitScenes[3] Indoor 449K B 8.6%

. . Hp - p‘ ‘2 Hp - p||2 DIML-indoor| 14] Indoor 894K D 48%

— POlIlt Ma metrlc » Rel = _, 6P =  <(.25 BlendedMVS[69] In-the-wild 115K B 12.0%
p p - ~ MegaDepth[35] Qutdoor/In-the-wild 92K B 5.6%

||P| |2 mln(| |p‘ |2= Hp‘ ‘2) Taskonomy[74] Indoor 3.6M B 14.1%

Waymo[51] Outdoor/Driving TREK C 6.4%

GTA-SIM([57] Outdoor/In-the-wild 19K A 2.8%

Hypersim[45] Indoor 75K A 5.0%

| |Z -z | ‘ N IRS[58] Indoor 101K A 5.6%

. 2 d z Z KenBurns[(] In-the-wild THK A 1.6%

- Depth Metric —>» Rel = ——, 0 =max(—,—)<1.25 MatrixCity[34] Outdoor/Driving 390K A 13%
‘ ‘Zl | z Zz MidAir[19] Outdoor/In-the-wild 423K A 4.0%

2 MVS-Synth[27] Outdoor/Driving 12K A 1.2%

Spring[37] In-the-wild 5K A 0.7%

Structured3D[76] Indoor 77K A 4.8%

Synthia[47] Outdoor/Driving 96K A 1.2%

TartanAir{60] In-the-wild 306K A 5.0%

FOV M t M UrbanSyn[25] Outdoor/Driving TK A 2.1%
- ciric ObjaverseV1[12] Object 167K A 48%

s+ Vertical FOVZ}45° 0| & @I NYUv2/ ETH3D/ iBim-1 Ol A{ £l < Training Dataset >
2 0|0|X| SME2 7|FECE Crop'<'5|-0:| FOV HEs0] W7 @XF 9l =QH7F H|

g B THSED | VDS I
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Experiments

Quantitative Results

- Point map estimation

. -1 . . .
- 7| &9 pomt map A 'H @l Scale-invariant point map 1} H| 11 S}0] Affine-invariant point
mapO| ot A2 =2olgd = AUUS
. - —_— .
- Local point map2| 4%, of & HO|| o2 K7} Q= 10| ERSH|[0,
NYUv2, KITTL GSO = E7I0 M H| 2|

Method NYUv2 KITTI ETH3D iBims-1 GR0 Sintel DDA DIODE Average

Relf ) ﬁ?* Rel ) ﬁ?* Relf ) |5';* Relf ) .fi';* Relf ) .fi';* Rel”) .-.'i';'* Rel”) .-.'i'; + | Rel) .-.'i'; + | Rel®y .-.'i'; + Rank}

Scale-invariant point map
LeRe5 169 760 | 316 284 [ I7.1 758 | 185 722 147 7ol | 386 306 | 320 394 276 464 | 2460 556 394
DUSGR 353 971 | 152 B79 | 107 906 | 618 954 | 454 995 348 503 | 214 7001 ) 124 EeT | 138 B4T 275
UniDepth | 533 984 | 506 985 | 185 776 | 529 974 | 658 996 | 330 489 | 114 902|123 9lo| 123 877 209
(hars 6 984 | 547 974 458 989 | 463 971 | 258 100 | 223 6925 | 123 903 [ ASE 45| 791 933 1.22
Affine-invariant point map
LeReS 951 914 2ol 4901 | 147 796 | 110 BR6 | 891 952 | 297 555 294 467 | 151 =800 181 733 3494
DUSIAR 445 974 ( 127 833 | 727 950 | 504 950 | 307 996 | 303 5606 197 TI2 | BO97 B8RT | 114 Bod 294
UniDepth | 393 98.4 | 429 986 | 122 §96 | 465 980 | 299 995 [ 285 584 | I3 905 | B56 909 943 905 1.8]
Ours 3.68 083 | 48 972 | 357 990 | 3.61 973 | L14 100 | 168 778 | 105 9L4 | 437 964 | 6.07 947 131
Local puml. map

LeReS - - - - 032 919 | B57T 932 - 133 B48 | 107 BE9 | 1l 8E2 ) 10T 8®94 380
DUSI3R - - - - 605 948 [ 544 959 - 11.8 B7.0 | 924 908 | 732 931 | 797 923 230
UniDepth | - . . - | 861 926|592 960 - | 134 843|818 920|995 900|921 910 290
(urs - - - - 3.21 98.1 | 416 %968 - 63 927 | 674 943 | 478 903 | 550 956 1M

ﬂ B THED
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Experiments

Quantitative Comparison

= Depth estimation
-Depth 0| = Z 1t outlierl| H| & 0| baseline 2 21} H|W3510 A =0 =

» FOV estimation

- Learning-based camera calibration 2 ' Q| Perspective Fields 2F Wild Camera® =72
H|

_MOGejl' baseline E%ﬂ" Hl _(ID_l'O:I FOV estlmatlonO‘”A'I 3%0' g.c')_:—% Z‘J% é!'ol_l

NYUV2 KITTI ETHAD iBims-1 G50 Sintel DDAD DIODE Average
Mictheod Rely |5':l| + | Rely |5':l|" Rel’} |5':]|" Rel. | r_'i': + | Rely r.'i':' + | Rery ai‘,‘ + | rery rJ":' + | Rely df + | rery r_'i‘; + Rankj}

Scale-imvariant depth map
LeReS 12.1 B26 ] 192 628 142 784 140 788 13.6 770 305 52.1] 26.5 520 182 696 185 695 7.1
ZoeDepth 104 873|745 932|323 999|274 618|170 728|113 852 5.50 R TETES T —
DUSGR 440 971 | 781 906 | 604 957|498 958 | 327 995|311 572|186 733 | 891 B8R | 106 8T2Z 500 Method | o 0° 1Bims- Average
Metric3D V2 | 469 974 | 400 985 | 384 985|423 977 | 246 999 | 207 698 329 984 207 . Mean)l Med || Mesn Med ] [Meanl Mol |Mean) Mnil Rask |
UniDepth 186 984 | 373 986 | 567 970|479 974 418 997 | 283 588 | 101 905 | 683 928 | 843 916 300 Perspective| 5.38 4.39113.6 11.9]10.6 9.3019.86 8.53 5.00
DA V1 941 889|553 958 | 549 993 | 283 S67| 132 515|103 87S 5.67 WildCam |3.82 3.2017.70 5.81|9.48 9.08)7.00 6.03 3.00
DA V2 503 973|723 937|612 955|432 979 | 438 o993 | 230 652 147 TRO| 795 o000 | 9.09 8596 406 LeReS 194 196|826 7.19| 184 175|154 148 5.53
Ours 344 984|425 978|336 989|346 970 147 100 | 193 734 917 905 | 489 947 | 6.17 938 162 DUSI3R  |2.57 L86|5.77 3.60(3.83 2.53(4.06 2.66 1.67

Affine-invariant depth map UniDepth | 7.56 431|10.7 996(11.9 596(10.1 6.74 450
Marigold 463 073|129 938 608 963 | 435 972 | 278 999 ] 21.2 750 | 146 805 | 634 043 | 841 918 225 Ours 3.4] 3.21(2.50 1.54|2.81 189|291 2.21 L.50
GeoWizard | 469 974 | %14 925|690 940450 971|200 999 | 178 762 | 165 757|703 927 | 844 907 269
Ours 292 98.6|394 980269 992]274 979|094 100 | 130 832|840 921 3.16 975|472 958 100 < (Quantitative Result for FOV estimation >

Affine-invariant disparity map

MiDaS V3.l | 458 081 | 625 047 | 577 U685 | 473 074 186 100 | 213 731 ] 145 826 | 6.05 040 813 022 360
DA V1 420 984|540 970 | 468 982 | 418 976 | 154 100 | 200 T76 | 127 869 | 569 957 | 731 939 231
DA V2 414 983|361 967|471 979|347 985|124 100 | 214 T2E| 131 864|520 06l | 737 933 256
Ours 338 986 | 405 981 | 3.1 989|323 980 | 0.9 100 | 184 795 | B9 915 | 398 972 | 576 952 106

< Quantitative Result for depth estimation >
SETNEa VDS
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Experiments

* Qualitative Comparison

g
z
5
2
S

Input

| Metric3p V2

available

available

< Qualitative Results >
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Experiments
 Ablation Study

- GT & pred= 1:12 H| W S}H scale ambiguity = 0l supervision &=0| &/
- Affine-invariant point map= AF2GIH O| & &zt & = AS2 EAHE
- Alignment method

-ROE alignment & 80| 7| ES| YR EL} L0t WS EOEF

Point Depth Disparity

Ablation Scale-inv. | Affine-inv. Local Scale-inv. | Affine-inv. | Affine-inv.

1 RelPy 681 |RePy sB1 | RePy a1 |Redy 59t [Redy a1 |Redy agt

. *ogw) : B, . SI-Log depth 11.2 88.719.09 90.6|9.19 912|894 90.1(7.27 926|823 92.1

L2 affine :  (s".t") argsmmz % llspi + =il Affine-inv. depth [ 299 51.4|29.0 527|122 860|289 527|618 939159 76.6
' ieM v ROE scale-inv. 10.3 89.8| 834 91.6|8.59 919|827 90.9|6.73 93.2|7.90 92.6

f( ) ) _ . _ 15 \LZ affine-inv. 135 84.2| 103 882|948 91.0]11.1 85.7|8.03 91.2|9.37 90.5

Med. affine : s(p) —p  VWhere #(P) = (0.0, median(Z)), s(P )’EZH‘% — Pl Med. affine-inv. | 109 89.0| 897 907|944 90.7|9.10 89.8|7.50 924|874 91.8
-t ROE affine-inv. | 9.84 90.3 | 7.88 92.1|7.62 93.3|7.91 91.2| 629 937|743 93.2

Full w/o trunc. 981 9051791 91.7|7.12 93.8(7.92 913|631 935|745 93.1

Full wio L= 998 90.3]794 921|747 934|794 91.2]| 630 936|747 932

Full 9.78 90.6|7.83 92.1|7.16 93.8|7.82 91.3| 6.20 93.7 | 7.30 93.3

Table 4. Quantitative ablation study results. All experiments are conducted with
a ViT-Base encoder. The first six rows are trained with global loss only.

I
|
: o
| F ™
! LA k

¥
I —————

input image : w/o mask a large value for oo w/ mask & Ly,

I

(b)

| VDS I
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