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Paradigm Shift
• simultaneously create 3D reconstruction of a scene and localize camera

→ foundational task in robotics & computer vision

• paradigm shift
• classical multi-view geometry & optimization → utilize feed-forward geometric foundational models

• geometric foundational models + tools from classical SLAM
→ produce a much simpler SLAM system that is both easier to use and maintain
→ produce dense RGB point clouds while not requiring camera calibration be known beforhand

VGGT-SLAM (recent work)

• extends VGGT to SLAM (to process potentially thousands of frames)

• VGGT is limited to about 60 frames on RTX 4090 due to memory constraints
• utilize submaps (create, align), overlapping frame
• optimize submap alignment on the SL(4) manifold due to projective ambiguity (causing submap distortions)

• problem
• higher dimensional 15-DoF alignment → rapid drift, degenerate in planar scenes
• factor graph only estimate homohraphy between submaps(not keyframe-level) → suboptimal
• image retrieval for loop closure depends on external retrieval network (e.g. SALAD)
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→ not included in Sim(3)→ SE(3), Sim(3) are subsets of SL(4)



Related Works
• Classical mapping techniques

• Classical scene reconstruction methods

→ rely on tracking and associating features across multiple frames (+ backend optimization)

• Learning based methods
• incorporated in SLAM systems such as for optical flow and for neural scene representations

• several works
• perform classical optimization of projective alignment on the SL(3) group, and [23] discusses synchronization on the SL(4) group

• Feed-forward scene reconstruction
• DUSt3R, MASt3R

• take in a pair of uncalibrated monocular images and produce a 3D scene reconstruction

• paradigm shift towards using Geometric foundation models (GFM) for SLAM

• advanced works

⇒ all of these works are restricted by GPU memory usage to a relatively small number of frames

• Other works
• VGGT-SLAM, VGGT-Long, SING3R-SLAM, MegaSaM, TTT3R, TALO

• MASt3R-SFM: builds on MASt3R to perform global optimization over multiple images

→ but quickly grows computationally expensive as the number of frames increases

• MASt3R-SLAM: the first work to demonstrate real- time SLAM with a GFM

• MASt3R-Fusion: incorporates IMU and GNSS as additional sensor measurements through classical optimization
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Related Works
• Attention layer analysis

⇒ so far no works have studied the layers of VGGT for image retrieval verification

VGGT-SLAM 2.0✔
1. enforcing that the two overlapping frames in submap alignment must have the same position, rotation, and calibration, 

and solve for a consistent scale factor

→ to remove the issue of high-dimensional drift and planar degeneracy of VGGT submap alignment

2. new factor graph structure

3. attention layers of VGGT

→ to verify the validity of a potential retrieved frame for loop closures (prevent FP, more loop closure)

• Perception Encoder: conducts a study of the layers of a vision encoder for downstream tasks

• Easi3R (+1): shows how an understanding of DUSt3R’s layers can be used to enable dynamic object detection

• recent works: exploring the layers of VGGT for tasks(e.g. noise suppression, geometric interpretation)
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VGGT-SLAM 2.0
• Factor Graph

• Node
• all keyframes

• Edge
• intra: edge inside a submap

• non-identity rotation & translation

• inter: edge between submaps
• non-identity calibration (i.e. affine) & scale variables
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→ make each submap’s estimate of the scale and calibration of the overlapping 
frame be identical (we don’t know what the true calibration is)

→ help correct potential drift in VGGT’s translation and rotation estimates

inter submap edgeintra submap edge

⇒ Since both of these transformations are subsets of SL(4), we 
use SL(4) nodes for factor graph optimization



VGGT-SLAM 2.0
• Factor Graph

• full 4×4 homography matrix

• Intra submap alignment

• Inter submap alignment
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transformation matrix 
(rotation + translation)

→ relative translation and rotation between the overlapping frames is zero

1. since the overlapping frames are identical, corresponding 3D points between 
them are trivially known

2. unlike VGGT-SLAM, with our new problem formulation, we can easily estimate 
relative scale separately from other parameters of the homography

→  corresponding points seen in overlapping keyframes must have the same scale

use predicted intrinsics & detph instead of Pointmap of VGGT 

Model architecture of VGGT



VGGT-SLAM 2.0
• Image retrieval verification

• Analysis
• Layer 22 shows larger attention values at the 

correspond location of the image
• not clearly present in the other layers, including the 

nearby layers (21 and 23)
• Layer 22 also works on low texture regions such as plain 

white wall

• Match score
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attention matrix of a selected key token, with respect to all other query tokens



VGGT-SLAM 2.0
• Loop closures and global optimization 

• Global Optimization (in VGGT-SLAM)

• loop closure submap
• 𝐻!": retrieved frame from a prior submap

• 𝐻!#: corresponding query frame in the current submap

• image retrieval (SALAD & verification)

• Recovering global reconstruction
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loop closure 
submap

→ inter submap edge is then added between the frame of the loop 
closure submap and its respective overlapping frame

→ relax the image retrieval threshold from SALAD to get more 
potential loop closure candidates

→ reject false positives in challenging environments

index set of constraints (odometry + loop closures)

projection matrix to extract calibration & pose

0.95 0.85

(from ChatGPT)

𝒓𝒊𝒋

(from VGGT)



Experiments
• Pose estimation

• Loop closure verification

• Open-set semantic task

• Real-time experiments and timing results

Setup
• parameters

• same parameter used by VGGT-SLAM

• SALAD threshold of 0.95 (0.80 in VGGT-SLAM)

• retrieval verification threshold of 0.85 for 𝛼%&'()
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Model architecture of SALAD



Pose estimation
• datasets

• TUM RGB-D benchmark

• metric
• ATE RMSE

• etc
• submap size: 32 frames (used by VGGT-SLAM)

• result
• achieves the best overall average pose error of 4.1 cm 

out of all uncalibrated baselines
→ 23% lower than VGGT-SLAM
→ 22% lower than recent ViSTA-SLAM
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TABLE I. camera pose estimation on TUM RGB-D

TABLE II. camera pose estimation on on ScanNet++, ScanNetV2, and Waymo



Loop closure verification
• datasets

• Clio datasets (three scenes)

• options
• without using retrieval verification
• with using the proposed retrieval verification

• etc
• SALAD threshold of 0.80 (used by VGGT-SLAM)

• result
• image retrieval verification method can help achieve 

more loop closures while preventing false positives

• office scene without verification led to false positive loop 
closures causing the reconstruction to diverge due to 
challenging similar looking areas

• VGGT-SLAM 2.0 still substantially surpasses VGGT-
SLAM pose accuracy on all three Clio scenes as VGGT-
SLAM diverges due to high dimensional drift
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TABLE III. NUMBER OF LOOP CLOSURES ON THE CLIO DATASETS

TABLE IV. RMSE OF ATE (METERS) ON CLIO SCENES



Loop closure verification
• datasets

• LaMAR HGE phone validation scene

• metric
• Recall@1 score

• retrieval methods
• SALAD
• NETVLAD

• options
• SALAD threshold of 0.80 (used by VGGT-SLAM)

• result
• verification procedure improves the results of both 

methods
• layer 22 performs the best, the worst performing layers 

are its neighbors(21, 23)
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TABLE V. RECALL@1 SCORES ON LAMAR HGE PHONE DATASET

Fig. 6. Recall @1 on LaMAR dataset for all VGGT layers



Open-set semantic task
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open-set querying on the Clio cubicle dataset custom apartment using an iPhone camera



Open-set semantic task
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4200 square foot barn using images captured from an iPhone

Reconstruction of Kitti outdoor driving sequence 05



Real-time experiments and timing results
• submap of size 16 frames

• using 3090 GPU

• runtime
• w.o open-set: 8.4 FPS
• w open-set: 6.3 FPS

(FPS = total time / number of unique frames in the submap)

• on Jetson Thor (submaps of size 4)
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AVERAGE RUNTIME PER SUBMAP (IN MILLISECOND)



Limitation
• reconstruction which only saw a plain white wall

→ causing VGGT reconstruction to fail

• our backend factor-graph optimization is only over poses and not points

→ simplifies the SLAM pipeline but causes artifacts from misaligned 3D

• VGGT reconstruct all frames w.r.t. to first frame and also use the first frame to compute the scale factor of a submap

→ first frame of the submap is unequally influential
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