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Intro

- X2 AL =0 =, geometric foundation modelsO| visual SLAM A|AEIQ
T & B RUS (eg DUSt3R, VGGT)
« feed-forward models= £7% view subsetsO| H-&3}7| A|Ztet
* image pairs
« multi-view image clips
« 2t FEEI AUE local ZEA 0| A E2[Bt local reconstruction2 £ 5t global coordinate
systemOHA oE
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« geometric estimatesO| input view configuration®| K| 20| Q11 0| 0| Z7| A|RAZ 0[O
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Visual SLAM

feature-based methods
« SfM pipeline2 2, keypoint matchinge 0|23} triangulation, PnP =3

direct methods
« E& frameZ& depth estimation2t 274l photometric residualsg Z[22}5H0| camera poseE Z[ X 2tet
— S}X|2F 0| &2 camera calibrationt challenging visual conditionsO| 212t

learning-based SLAM

- deep neural networkZ frontendLt scene representationd| &&ot0| ZH/d= =0|1, densify mapping=
O| =

Neural implicit mapping
- camera poses2t implicit scene representation= online2 2 SA| | X3}
3DGS

« poses@t Gaussian primitivesE SA| XX 3}
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Feed-Forward Visual SLAM

« 3D geometric foundation model= O| &3l geometry2} camera parameterE feed-
forward HAC 2 0| F51A &
— handcrafted correspondences®} heavy per-sequence optimization0 Cligt S|&E2 =&

* pairwise feed-forward models
- uncalibrated image pair & Y#20f 3XH2l X2} dense correspondenceE 0| &
- retrieval-based view graphs2} global alignmentZ &3l unconstrained collections@ £ 2t% 7t
+ Memory or state-based models, multi-view foundation models 22 2t& 7t

« feed-forward visual SLAM 22 S%
« two-view pipeline (e.g. MASt3R-SLAM, VIiSTA-SLAM)
- pairwise predictiond} lightweight global optimizationg +
» multi-view pipeline (e.g. VGGT-SLAM)

« multi-view reconstruction backbone2 £ Bt=0{%l submap=2 BLAECE 2 & I = 2Kz}
ol=0 &5

I

= O} X| 2t CHE 29| feed-forward SLAM A| A& ':ﬁ two-view temporal constraintsLt
multi-view submap constraints &0 S}LtEF 0| &%t



Inference

« Two-View (e.g. DUSt3R) Iy

« FLO| 7 Z

Y NN
I I, I3
AAH

- MZ22 Zof| S ZAOHA} SE5HG K}
— SFX| 2t M| $t=l geometric constraints =0, A|ZHO] [[f
— long-term global consistencyE FX|5}7|0]

* Multi-View (e.g. VGGT)

- Z53t geometric constraintsg 0| &

— per-frame updatesE H|HEX o2

 submap?te| A TF 0| &St E7H(refinement)= trajectory=
submap=7t2| &% (overlap)0| 2ot
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Classical SLAM System

« & ZX|2} H|=3t efficiency-consistency trade-off& 2t2}tgt
« frontend: lightweight two-view odometry

« backend: intermittent(Zt2 &) globally consistent refinement

— O] = two-view inference?| temporal consistencys &l 748t graph connectivityg 2050, SA|
Of| multi-view submap2| rich geometric constraintsE 0| &%t

— OFX|2F 7|E feed-forward Y RBIE2 E & pairwise two-view alignmentLt submap-to-submap
registration S0 SpLIDH =2l et
* two- V|ew2f multi-view predictions= navieSH/| O*Xlé A& non-trivialetd|, O
= Ol prediction=2]| scalel} reference frameOI 2 K[SHX| &
heterogeneous local coordinate systemsO| &5}7| &

— [2tM, 22 factor graph formulation2 O[2{¢t heterogeneous constraintsE single unified framework
LHOl A S A0 =X 3t S5t= A0 2R

= UniSim-SLAM2| 5%t



UniSim-SLAM

= : Frontend === : Backend : Two-view : Submap

Pros: FAST ‘Prs: Rich Geometric cue FAST
Cons: Few Geometric cue Cons: SLOW & Rich Geometric cue
(a) Two-view Feed-Forward SLAM (b) Multi-view Feed-Forward SLAM (c¢) UniSim-SLAM ¥

» two-view2} multi-view inferenceE 3tLt2| Sim(3) factor graph L0 A S2dt= feed-forward
SLAM system (& Ct H&)

» N2 LtE feed-forward inference B0 A &2 geometric prediction= heterogeneous local
EHEA A|AHEIOM A E YOl constraints2 S&6H| I3l unified Sim(3) factor graphOfl A
SAI0 Z| At

- feed-forward SLAMOI|M 22/d-2d trade-offE S| A5t11 low-latency tracking2t long-term

geometric stabilityS E5t0] EF SLAM benchmarksOlA SoTAZ ds2 E0l&
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UniSim—SLAM

Two-view Tracking Tiijr,v

Multi-view inference on Submaps

{Toi



Two-View Tracking on Keyframes

- frontend= low latency2f temporal consistencyE E%&

{T; }: global keyframe poses eyframe 1,014 29| AT #2F € Sim(3)

{8, }: submap poses
(1;, I;): keyframe pair (with j = ¢ + 1)

e

N2V 2V 2vYy
{Dz 7Dj 71—;'.7' } _f2v(Iian)a (1)
keyframe [;2| predicted depth map two-view feed-forward model

« X R keyframe 1,0] TG EHAH 2| origin (global reference frame)

« =XIE 2 E global poseg F85tl, ZAt2 L= H{AO| x=7| =X 7t H

1

) L= ’ M multivi
Tj — TiT-2-V (2) 50l backend%| A multi-view

ij 3 submap constraints£ 278



Multi-view Submap Integration

* backendl| =#
» global pose {T;}0 =X & drift§ 2dot= A
« O|Z {8l multi-view submapsa 45l F=7|H 22 global pose graphOil geometrically rich constraintsE 77| %
L=

o
=

L

ok

i Submap keyframe index

Wn C{1,...,N}
« corresponding keyframe sequence
Im — {I’L}ZEWm

e feed forward multi-view model/. multi-view feed-forward model

{ﬁmra Tfrrr?;lva €W, — fmv(Im)a (3)

™~

submap-local pose (submap origin keyframe= 7| =2 £ Zf keyframe i2| HEHZ 2|0))



Multi-view Submap Integration

« submap origin
« W,,2| center keyframe= submapl| origin keyframe2 2 42|

« submap pose

- submapOl M 2HS0fX|= local reconstruction global trajectory0ll S&3t7| 213H, submap pose S,, € Sim(3)2
H|OtSIH Ol= mH M submap ZHEAH S global frame2 & Hzkst

T; ~ SpT™. (4)

« problem

. mlulti—vileé/)v predictionO]| view-set dependentd}?| I Z20], &2t keyframeS submapOl L2} scaledt poseZt Eet
Al A Ol
= 1 AN O

o 2N submap-local pose?t globally consistent measurement?t Z|7| {8 A= submap pose {S,,}2 BAIHSZ
x7|t i F ofF =
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1
\ o 7| M ;= submap?| origin keyframe= 2|0



Multi-view Submap Integration

« two-view inferenceO| A -2 global pose

|:3iRz' tz':| e R; € SO(3)
T — 9

T 'tiER?’
O 1 ’Si€R+

+ two-view2t multi-view prediction?t9] relative scale ambiguityS i Z5t7| <I3, depth

statistics2 A2} relative scale =M

o s — median(D™Y /D)

mt

- depth statistics

0
° 3’£n,) — Si/srel

-> Z=7| submap scale (multi-view prediction2 unit scaleZ Z3k[7| I}ZF)



Multi-view Submap Integration

« submap pose
global framel} submap frameZt2| similarity transformation
2 BESH7| 3l 5Lt relative factorZ scaling

[ (0) _ ti
g(0) _ [5m R; - z. / (6)

rel
m _— m
o' 1

» submap2| scale-consistent embedding= global trajectorydf| MSotd, 1 =0 1;2t S, = Lt unified
optimization2 £ SA|0f x| X o}H

« OFX| 8 two-view2l multi-view constraintsZt SA[0f] A& & [, Ct=2| Sim(3) &tA| 7} StLIQ|
submapO| A SE5SHA EH

« 2 keyframe global pose T;2} associate=| I, submap= Sim(3) = 5,1t associate

= [t2fA], Z27|=} TEA[O| A SELEQ] relative scale constraintE 4 XAl|St= A2 global consistency&
A0 252

= multi-level factor graph formulation 5%



Unified Sim(3) Pose Graph

* two-view, multi-view feed-forward inferences= A2 CtE HHEA M sE A

predictions=

. MEX

- O 1
of

pose g
;j_ EI—E

« Unified

ol

Froe

Graph

| pose graphZ 0O|2{%t hete
of = similarity relations2t 29I o | MotE xefg = AUZ
— O|E—|o|- _—erxﬁ HUIANS ZTES

Il

A A
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X0l scaleE Sim(3)
rogenous constraints= HHH 22 ZX|ot= A2 =&=tE[X|

— AT

2ot = 2 E5H7| 26K, Sim(3) manifold | A 75!7.;1 MO Z unified multi-level

NOtH O, Ol = pairwiselt submap constraints = 2! P x| M 3}sH= 0| A mbo|Z2}ol
heterogeneous Sim(3) relationsE otLt2| similarity-consistent graph0 2 & 2!

— (V, 8) global pose node
//v submap pose node

YV =VrUVs, Vr={T, € Sim(3)}, Vs={Snc Sim(3)}

£ — gtemp U 8’023 U 8828

edge set= 3702 A5 &2 = LtHE T



Unified Sim(3) Pose Graph

« edge set
£ — gtemp L) 81}25 L) 8828

EMP: temporal edges (View-to-View Edges)

-> AAMS BE517| 2lsl AL5A QI global posesE Y14
£Y2%; View-to-Submap edges

> T:E S, HZ510] local predictionsE ME5t1, relative scales2 H|&t

0

£52%. Submap-to-Submap edges

- A MM O =2 overlapping submaps= ¢1Z&5}0{ similarity consistencyE ZA|st1 scale driftS Of|2!

_, Z+Zto

2t 2+9| edge set®l ZX geometric relationship= 2134




Unified Sim(3) Pose Graph

« View-to-View Edges

gwem — {(3,5)|j =i+ 1}

« 2 (i,j) € £*mPOf| CHY two-view feed-forward model:2 relative Sim(3) measurement 72VE XS
« global pose®} pairwise feed-forward predictionZt2| agreementZ enforceSt= temporal consistency constraints

N
1O T—lT ~ TA2V
() J ~ Fij

e two-view residual

%y = log ((12) (1, Ty))

\




Unified Sim(3) Pose Graph

« View-to-Submap Edges
£V = {(m,i)]i € Wy}

- global pose node T;2t CHE 5= submap pose node S, 9Z4
« Zf (m,i) € €V20| CH3H, submap m= submap-local pose TV E 7%

v _T;
ettt OEHEEEE®@E
« pose alignment (bridge residual) S @ @ @ @

A m
mv 7
ﬂ ~ SmeZ MV T;rILllV submap origin keyframe I

e =log ((T7)'5,'T}) 000000

= S}X| 2, pose alignmentZt2 2= global trajectory?t submap ZFEH 7t relative scaleOf A2 FX| 2

 scale anchoring (anchor residual)

eh — 195 5, — log s,, — log (medlan(D i/ Dzv)) DI predicted two-view deptr
T 1 m

ma

sz predicted multi-view depth




Unified Sim(3) Pose Graph

- View-to-Submap Edges ZF2 == global view nodes&
view node=2 X

o

coupling2 57t

SOt oA, S S

* bridge residual
ebr; = log ((Tm)7'8,,'Ty)

« GT7t OtY (Two-View?| X£7| F=HX))
— [}2}A S mO| OfL|E} T iE

[[r2tA Submap=7tol o @A X0
= Submap-to-Submap Edges &%

 submap=7te| ZHEE QI H
= A2 HetE =k U=

. idual
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Unified Sim(3) Pose Graph

« Submap-to-Submap Edges
£5% = {(m,n)[Wn N W, # 0} Vin = Wi N W,

a0

— M E keyframe window?} G X|= submap=2t A4 — submap mit nZt0]| 37 &&= keyframes

« 2709] residual terms

* pose consistency constraint (tie residual)

« geometric consistencyE PtE 521 ™ multi-view inferenceZ submap m1t n Z+ZH0f| CHS SRX O Z E2 3t |ocal
pose predictions Ty 2 TVO| CHSH submap ZHHA MM &7 &= viewZt &t global poseE Li=0t0f &

8, v o g, Fm etc,, = log ((SnTim) (S, T)

mi

 scale consistency constraint (scale residual)

8mn; = median(D2Y/D™) 8, = median;cy

SC
mn

~
nSmn,i

e~ = logs, —logs,, —log s,

= O| 2]t direct constrainte &7t views2| poses ZE5I0] submap &S O|F = degenerate solutionsE O



Optimization

View-to-View Edges
- two-view residual: 217 keyframeZt0]| A& HEt1} two-view feed-forward model 2 g3t 20| S Lo|{OF SHCt
temporal consistency constraintg =

rr

View-to-Submap Edges
ol

+ bridge residual: submap origing 7| =22 dE(submap-local pose)k|0] U= keyframeS global poseZ 7tM 2= Het
(S,)= constraintE =

- anchor residual: relative scale constraintE 7| ®/5l| per-view depth statisticsE 0| &

Submap—to—Submap Edges

« tie residual: & submapol SHOtE overlapping frame01| CHSH O =53t local pose prediction2 global poseE 7t 22 Y
S Y2t global poseE 7FMOF StCH= constraintE

- scale residual: overlapping frame2| scaleO| %OE'OHZFE ZAZ 0|83t scale consistency constraint® &

OI'

Optimization Function
huber loss function

/ |
argmin Y p(lef )+ D (olleml) +olles™N)+ D | D ellenal) + pllleill) |
(m,i)e€

{T} {Sm} Z ] Egtemp v2s (m,n)Egszs 'ievmn

Loop Closure= VGGT-SLAM HE ZC} &



Method | office0  officel office2  office3  office4 room0 rooml  room?2 | Avg.
°

MASt3R-SLAM™ [26] | 0.056 0.056 0.079 0.056 0.059 0.102 0.108 0.063 0.072

X e rl I I I e n VGGT-SLAM [22] 0.056 0.034 0.043 0.057 0.038 0.034 0.037 0.036 0.042

ViSTA-SLAM [47] 0.074 0.193 0.118 0.048 0.130 0.069 0.093 0.136 0.108

Ours 0.068 0.018 0.022 0.020 0.028 0.023 0.021 0.028 | 0.029

e Camera Pose Estimation - planar structure?} CHE & Replica
JEEEEEEE
Method | 360 desk desk2 floor plant room rpy teddy XyZ ’ Avg
ORB-SLAMS3 [3] X 0.017  0.210 x 0.034 x X X 0.009 | N/A
DeepV2D |[35] 0.243 0.166 0.379 1.653 0.203 0.246 0.105 0.316 0.064 0.375
. DeepFactors [4] 0.159 0.170 0.253 0.169 0.305 0.364 0.043 0.601 0.035 0.233
'2 DPV-SLAM [19] 0.112 0.018 0.029 0.057 0.021 0.330 0.030 0.084 0.010 0.076
8 DPV-SLAM++ [19] 0.132 0.018 0.029 0.050 0.022 0.096 0.032 0.098 0.010 0.054
GO-SLAM [49] 0.089 0.016 0.028 0.025 0.026 0.052 0.019 0.048 0.010 0.035
DROID-SLAM |36] 0.111 0.018 0.042 0.021 0.016 0.049 0.026 0.048 0.012 0.038 TUM RG B_D
MASt3R-SLAM [26] 0.049 0.016 0.024 0.025 0.020 0.061 0.027 0.041 0.009 0.030
CUT3R [40] 0.174 0.592 0.546 0.662 0.467 0.911 0.051 0.845 0.129 0.486
< SLAMSR [21] 0.211 0.861 0.967 0.790 0.755 1.013 0.063 0.986 0.185 0.648
§ MASt3R-SLAM* [26] 0.070 0.032 0.055 0.056 0.035 0.118 0.041 0.116 0.020 0.060
£ VGGT-SLAM [22] 0.063 0.031 0.048 0.152 0.023 0.133 0.038 0.039 0.020 0.061
ViSTA-SLAM [47] 0.104 0.030 0.030 0.070 0.052 0.067 0.023 0.080 0.015 0.052
UniSim-SLAM 0.067 0.018 0.022 | 0.034 0.029 0.056 0.021 0.031 0.013 | 0.032
Method ‘ chess fire heads office pumpkin  kitchen stairs | Avg.
§ DROID-SLAM |[36] 0.018 0.027 0.021 0.041 0.025 0.016 0.017 0.024
6’ MASt3R-SLAM [26] 0.082 0.030 0.024 0.052 0.050 0.044 0.027 0.044
CUT3R. [40] 0.514 0.110 0.197 0.430 0.346 0.202 0.385 0.312
: 7-Scenes

< SLAM3R [21] 0.131 0.044 0.040 0.058 0.100 0.064 0.116 0.079
"Qé: MASt3R-SLAM [26] 0.090 0.058 0.039 0.072 0.084 0.062 0.071 0.068
§ VGGT-SLAM [22] 0.039 0.024 0.041 0.032 0.050 0.034 0.042 0.037
ViSTA-SLAM |[47] 0.075 0.035 0.030 0.064 0.065 0.041 0.036 0.049
UniSim-SLAM 0.017 0.018 0.026 0.024 0.022 0.016 0.019 0.020




Experiment

« Camera Pose Estimation
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Experiment

3D Reconstruction

Method Acc. | Comp. | Chamfer |

2 DROID-SLAM [36] | 0.111  0.049 0.080

S MASt3R-SLAM [26] | 0.064  0.068 0.066
Spann3R @5 [38] 0.095  0.041 0.068

< CUT3R [40] 0.107  0.059 0.083

S SLAMS3R [21] 0.069  0.153 0.111

S MASt3R-SLAM [26] | 0.054  0.048 0.051

> VGGT-SLAM [22] 0.039  0.051 0.045
ViSTA-SLAM [47] 0.041  0.056 0.049
UniSim-SLAM 0.035  0.046 0.041

/-Scenes

UniSim-SLAM= submapZt0j|
overlapping frame= &£d}7|
[ 20|, naiveStH 2&
reconstructed pointE & X|=
A2 point densityE S 7HA|A
P12 A 2l completion metric

L SEALS | A OlS
s dd= ME 7 US

Si{Z biasE SI0H7| 5l St
25%9| confidence score= 7}
X|= pointe2 M A



Experiment

3D Reconstruction

MASt3R-SLAM VGGT-SLAM ViSTA-SLAM Ours
il € o ' B =t ' - o

Kitchen

Room

/-Scenes



Experiment

« Latency

(c) Latency comparison on 7-Scenes.

Method Frontend |Latency [ms|] ATE]
MASt3R-SLAM [26] | MASt3R [17] 90 0.068
VGGT-SLAM [22] | VGGT [39] 3410 0.037
ViSTA-SLAM [47] STA [47] 35 0.049
Ours + STA [47] STA [47] 35 0.027
Ours VGGT [39] 197 0.020
« 07|M latency= %|ABOZ QP& 3 =S EUS MR
frontendOfl Al camera pose estimateE +=&St=07HA| Z 2l A|ZHS 2|0
(2l two-viewE XE|St=HOA Ef 22 A ..)
. ké)eterogeneous feed-forward models2| prediction=
O= SimB3) E8= Y = ULt A= B0 =

SLAM A|ABI0|A S frameO| =0

= [f, camera pose FE2 low latency

£ 7P8%. M2tM trackings Hof|
method® latencyE 24%t

VGGTE frontendZ AIEME [ =
St multi-view method@! VGGT-SLAM
CHE| 197ms2ts W B2 latency 2
O £2 ds2 EY (OHX B two-view
method @l MASt3R-SLAM CRH| latency
7t %=

ZIIM O Z frontendE O 7HH 2 STA
£ WNS AEDEL latencyZF 7+
LA E VISTA-SLAMEHS ZHH QM 1,
VGGT frontendE ALEIME OursE L}
ds2 HOrNA|TH e 7[E
baseline methodE 2L M £2 o
s= ¢

S5t HA, multi-level factor graph?} 2 1HA



Ablation Study

 Impact of Submap Configuration

w |l ¢=1 ¢=2 ¢d=4 ¢=28

4 0.043 0.041 — —

« ¢: number of overlap frame between submaps
8 0.035 0.035 0.035 =

« w: submap size

16 | 0.031 0.032 0.031 0.030
32 | 0.033 0.032 0.034 0.033

o OFLEO| framelft2 S W=(¢p = 1), submap &
Otdol X XMztE R (L2t ¢ = 2 = 7|Eﬁi
- § 2 submap2 =l

local multi-view estimation=
global constraints& f

SHAIZ. (MEtM w = 16 2 7
« Effectiveness of Graph Constraints

m

w/o Backend w/o LC w/oe? w/oe®*™® w/oe” w/oe™ w/oe* Ours (full)

0.124 0.061 I 0.101 I 0.083 0.116 0.040 0.048 0.032

0.124 | 0.037 I 0.021 0.020 0.063 0.027 0.031 | 0.020 I

N O

S




More Detalls

* residual weights

2v h ti
(w?, w™, w™? W™, wh) = (1.0, 1.0, 50.0, 50.0, 0.2)
Residual weights chess fire heads office  pumpkin  kitchen  stairs Avg,
W™, wmP =1 0.030  0.024 0.027 0.027 0.021 0.022 0.028 0.025
oS¢ ganch ws, W =2 0.024  0.022 0.027 0.026 0.021 0.021 0.025 0.024

= 10

0.018

0.019

0.027

0.025

0.021

0.019

0.020

0.021

w
we, w*™ ™" = 50 0.017  0.018 0.026 0.024 0.022 0.016 0.019 0.020 I

wt® = 0.2 0.017 0.018 0.026  0.024 0.022 0.016 0.019 | 0.020

otic we =0.5b 0.018  0.018  0.026  0.024 0.021 0.015 0.019 | 0.020

w" = 1.0 0.020 0.020 0.026  0.023 0.020 0.015 0.019 | 0.020

w® = 2.0 0.025 0.023  0.027 0.024 0.020 0.015 0.019 | 0.022

scale 2t weight7t 2O E =& tie weightO| 725 450| Zag 7->Scenes



More Detalls

* residual weights

‘ Method ‘ chess fire heads  office  pumpkin  kitchen stairs ‘ Avg.

Tracking only 0.158  0.090 0.101  0.145 0.166 0.114 0.096 | 0.124

w/o Loop closure | 0.020 0.024 0.029  0.075 0.036 0.050 0.023 | 0.037

~ | w/oe* 0.045 0.032  0.027  0.030 0.023 0.022 0.036 | 0.031
I w/o e’ 0.020 0.018  0.026  0.024 0.023 0.016 0.019 | 0.021]

= w/o e 0.019 0.018 0.026  0.024 0.022 0.015 0.018 | 0.020

S | w/oe™ 0.046 0.048 0.035  0.110 0.121 0.051 0.027 | 0.063

E; w/o e'® 0.018 0.020 0.026  0.035 0.033 0.034 0.021 | 0.027

© w/o £V 0.158  0.090 0.101  0.145 0.166 0.114 0.096 | 0.124

w/o £5% 0.017  0.023  0.027  0.037 0.030 0.052 0.025 | 0.030

| Ours (full) | 0.017 0.018 0.026  0.024 0.022 0.016 0.019 | 0.020

Tracking only 0.158 0.090 0.101  0.145 0.166 0.114 0.096 | 0.124

w/o Loop closure | 0.106 0.045 0.035 0.074 0.075 0.059 0.033 | 0.061

S 71 e 0117 0056 0032 0033 0.037 0,033 0.030 | 0.048

i.: w/o e’ 0.157 __0.064 __0.059___0.065 0.162 0.111 0.085 | 0.101

& w/o e¥h 0.178  0.18  0.070  0.047 0.020 0.042 0.040 | 0.083

z w/o e’ 0.216  0.098 0.075  0.138 0.125 0.112 0.045 | 0.116

;2 w/o e"'® 0.106 0.043  0.041  0.024 0.020 0.033 0.015 | 0.040

w/o £V 0.158 0.090 0.101  0.145 0.166 0.114 0.096 | 0.124

w/o £5% 0.092 0.029 0.033  0.027 0.034 0.045 0.025 | 0.041

| Ours (full) | 0.066 0.029 0.043  0.027 0.023 0.019 0.015 | 0.032

/-Scenes

View-to-Submap, Submap-to-Submap edge set0i| Cigt ablation 7t ZI3H



More Detalls

e run time
Frontend Backend
Two-view | Submap node Descriptor Graph s 3 3 Multi-view
Component | . e 1e s : : Optimization
inference initialization extraction construction inference
Latency[ms] 197 167 16 36 645 933

« frontend= 7-ScenesO| A CH{=F 25 FPSE EHSIH A two-view estimations T &M
« backend= M =g Q0| 59| FHE[QYUS Tt S&F
« default configuration®| A= 14702 {22 keyframeO| A AZ M| backend 1 T

» frontend®l backend= =2| =l threadO| A =S4t
M A backend refinement?} Hl 57| M2 E X g

= -1

7| W20, low-latency tracking ‘42 X3}

DH'I OF



More Detalls

e run time (vs VGGT-SLAM 2.0)

Frontend Backend

Two-view | Submap node Descriptor Graph s 3 3 Multi-view
Component | . e 1e s : : Optimization

inference | initialization extraction construction inference
Latency[ms] 197 167 16 36 645 933

Sum: 1994

Stage total time per submap (ms)
VGGT Inference. 1248 ms — S}X| Bt backend= MZE keyframe
Keyframe Detection 176 ms Ol HLNME DS mjot AoJL}7| [}
Loop Closure Detection 128 ms 20, 0|5 122 M low-latencyzt
Backend Optimization 8 ms 1= UAS
Semantics (optional) 368 ms

VGGT-SLAM 2.0 Sum:; 1928



More Detalls

e Other Backbone

Method ‘ chess fire heads office pumpkin  kitchen stairs ’ Avg.

3_3; DROID-SLAM |36] 0.018 0.027 0.021 0.041 0.025 0.016 0.017 0.024
8 MASt3R-SLAM [26] 0.082 0.030 0.024 0.052 0.050 0.044 0.027 0.044
CUT3R [40] 0.514 0.110 0.197 0.430 0.346 0.202 0.385 0.312

~ SLAM3R [21] 0.131 0.044 0.040 0.058 0.100 0.064 0.116 0.079
2  MASt3R-SLAM* [26] 0.090 0.058 0.039 0.072 0.084 0.062 0.071 0.068
§ VGGT-SLAM |22] 0.039 0.024 0.041 0.032 0.050 0.034 0.042 0.037
=  ViSTA-SLAM |[47] 0.075 0.035 0.030 0.064 0.065 0.041 0.036 0.049
Ours + STA 0.030 0.031 0.031 0.023 0.029 0.024 0.018 0.027

Ours 0.017 0.018 0.026 0.024 0.022 0.016 0.019 0.020
Method | 360 desk desk2 floor plant room rpy teddy xyz | Avg
ORB-SLAMS (3] X 0.017 0.210 X 0.034 X X X 0.009 N/A
DeepV2D [35] 0.243 0.166 0.379 1.653 0.203 0.246 0.105 0.316 0.064 0.375

) DeepFactors [4] 0.159 0.170 0.253 0.169 0.305 0.364 0.043 0.601 0.035 0.233
= DPV-SLAM ([19] 0.112 0.018 0.029 0.057 0.021 0.330 0.030 0.084 0.010 0.076
8 DPV-SLAM++ [19] 0.132 0.018 0.029 0.050 0.022 0.096 0.032 0.098 0.010 0.054
GO-SLAM [49] 0.089 0.016 0.028 0.025 0.026 0.052 0.019 0.048 0.010 0.035
DROID-SLAM [36] 0.111 0.018 0.042 0.021 0.016 0.049 0.026 0.048 0.012 0.038
MASt3R-SLAM |[26] 0.049 0.016 0.024 0.025 0.020 0.061 0.027 0.041 0.009 0.030
CUT3R. [40] 0.174 0.592 0.546 0.662 0.467 0.911 0.051 0.845 0.129 0.486

. SLAM3R [21] 0.211 0.861 0.967 0.790 0.755 1.013 0.063 0.986 0.185 0.648
€  MASt3R-SLAM* [26] 0.070 0.032 0.055 0.056 0.035 0.118 0.041 0.116 0.020 0.060
§ VGGT-SLAM [22] 0.063 0.031 0.048 0.152 0.023 0.133 0.038 0.039 0.020 0.061
>  ViSTA-SLAM [47] 0.104 0.030 0.030 0.070 0.052 0.067 0.023 0.080 0.015 0.052
Ours + STA 0.065 0.016 0.022 0.035 0.045 0.041 0.022 0.034 0.012 0.032
Ours 0.067 0.018 0.022 0.034 0.029 0.056 0.021 0.031 0.013 0.032

/-Scenes

TUM RGB-D



More Detalls

e Qualitative Result

7-Scenes chess 7-Scenes fire 7-Scenes pumpkin

Result Wi PO v Result without PGO

7-Scenes (stairs)

« PGOE AL misalignment”} & 2%



Conclusion

¢ UniSim-SLAM< two-view, multi-view constraintE multi-level factor graphE 0|23} SILIZ F
2 feed-forward SLAM system

« 0|2 E9l low-latencyZ consistent global pose estimation0| 7}-s5tA H

- SoTA R = OfH| =2 dS(camera pose estimation, 3d reconstruction)= £ &



A

L) 42t (of ZEl Z Ze T

multi-view method(e.g. VGGT-SLAM)Z} two-view method(e.g. MASt3R-SLAM) ECt 22 M52 EF A =4, two-viewZt
multi-view2| 0| HZ E&AM =712
«  7|Z& multi-view method CHH| CHEE 2 frontendE two-viewZ A1, backend0f|A] View-to-Submapa S5l two-view, multi-view constraint
2Bl Berts ®
« 7-ScenesO| A ZI¥SH ablation studyOfl Al two-view residual2 chess sequenceO| 50| H& THAtS HO|X| §AS
« M2tM 8 E two-view residual:2 scale inconsistencyd| ZAeS MS5t7|= SHAT A5 7100 /A0 E 2 H|S2 View-to-Submap
residuald| JA=xe
- ablation studyO%A loop closureZt SO E 7|F SoTA 22 =0 comparable?t 452 EFCtD =0, siY ablation study& Of
M HolHAc=z 7&'%@%’1913'- long-sequenceO| M & H|=ot HE E/=712
« 7-ScenesO| M AU, siT HIO|HAIS| A|HA HEES2 B 1700 M E I
« [2tA long-sequencelf CHEF 7= AR loop closurel| ZR40| S FHO M| =7t HIHIF L6 £ ¢

-

« TUM RGB-D floor A|Z 27} planar structure dominantStd] scale recoveryS et geometric cueZt &3, 7|E feed-forward
model=2 scale driftS 2 A|ZICED =G|, UniSim-SLAM2 O| 248t A0 A OfEH ZHSHH S2E = AJ=71
« S AIEA0|M H50] VGGT-SLAM 2.0 HiiH| 28LE Ef5 (MASt3R-SLAME ZLI2Z EL| two-view inference”} O &
220 2dgsS x.‘:?)

« 2 outdoor datasetOl| CHet HIH7F JAU =712

ol
HA AT

. M2 F7} SAS SteTp
- feed-forward modelOi| L3t extra training2 8l
« MZZ multi-level factor graphOf Ci3t real-time optimization?h =& &| =

el
oot
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