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Figure 1: Our method reconstructs large-scale 3D scenes from 1000+ image collection from different camera rigs and

capture sessions, within a 24 GB memory budget.

Abstract

Visual Geometry Transformer models offer fast feed-
forward 3D reconstruction without scene-specific train-
ing, yet their all-pairs attention mechanism imposes a
hard memory boundary that prevents direct application
to large-scale scenes with thousands of images. We in-
troduce MegaVGGT, a framework that uses visual place
recognition (VPR) model to extends foundation models
to large-scale, unordered, and heterogeneous image col-
lections, including mixed drone, ground-level, and multi-
camera captures beyond sequential assumptions. Ex-
periments on standard indoor and outdoor benchmarks
demonstrate that our method not only scales to scenes
that exceed the memory budget of single-pass founda-
tion models, but also achieves superior pose accuracy
compared to existing scalable alternatives, with particu-
lar gains on unordered and structurally complex scenes.

1 Introduction

Reconstructing 3D scenes from a large set of images with
diverse camera poses is a key problem in autonomous
navigation, augmented reality, and large-scale mapping.
Classical Structure-from-Motion pipelines, while robust,
require solving expensive feature matching and bundle ad-
justment problems that scale poorly to large unordered
collections. Recent transformer-based models such as
DUSH3R [34], VGGT [33]], and 72 [36]] offer a compelling
alternative, jointly inferring camera parameters and dense
point clouds from raw images in a single forward pass
without scene-specific training.

Despite this progress, these models share a critical scal-
ability bottleneck: the self-attention mechanism grows
quadratically in both computation and memory with the
number of input images, making it infeasible to process
large collections in a single pass. Existing attempts to
address this either apply a sliding window over sequen-
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Figure 2: Overview of our pipeline. Given an unordered image collection from heterogeneous sources, we extract
visual model embeddings and construct a scene graph. The graph is reduced to a Minimum Spanning Tree and
recursively bisected into spatially coherent clusters. Each cluster is independently processed by a geometric foundation
model to recover local poses and point maps, which are then aligned via overlap-based Sim(3) estimation and refined
through global bundle adjustment to produce a dense, globally consistent 3D reconstruction.

tial inputs, partitioning the image stream into overlapping
chunks to extend coverage—or reduce model capacity in
ways that degrade geometric accuracy under wide view-
point variation.

High-quality 3D scene reconstruction demands com-
prehensive viewpoint coverage, which in practice often
requires images collected across multiple sessions. A sin-
gle capture pass rarely suffices: operators return on differ-
ent days to fill missing viewpoints, lighting and weather
conditions vary between sessions, and distances to the
subject differ depending on the capture device or vantage
point. The resulting collection has no consistent tempo-
ral ordering and exhibits large appearance and viewpoint
variation across images. We refer to this practically im-
portant but underexplored setting as complex scene re-
construction.

We present MegaVGGT, a training-free divide-and-
conquer framework that enables feed-forward reconstruc-
tion models to operate on large, unordered, and heteroge-
neous image collections far beyond their native memory
limits, without sacrificing global geometric accuracy. By
modeling visual connectivity through a VPR-based scene
graph rather than imposing temporal order, our method
naturally handles complex scene reconstruction where se-
quential assumptions break down.

Our key contributions are:

* A VPR-based scene graph construction that cap-
tures visual and spatial relationships across hetero-
geneous unordered collections without sequential as-
sumptions.

* A recursive MST-based graph clustering strategy that

partitions large scenes into memory-feasible sub-
scenes for independent foundation model inference.

A dataset comprising unordered images from het-
erogeneous capture sources—including drone aerial
photography, ground-level GoPro captures, and
multi-camera rigs. We define this setting as com-
plex scene reconstruction and demonstrate that
our method consistently outperforms existing ap-
proaches under these conditions while remaining
competitive on standard benchmarks.

2 Related Work

2.1 Structure-from-Motion.

Classical SfM [28]] detects keypoints, matches features,
and refines poses via bundle adjustment, but scales poorly
to large unordered collections. Recent methods improve
scalability via global scene graphs [25], distributed mo-
tion averaging [7]], first-order pose optimization [22]],
and retrieval-based candidate pairing [27}43]), yet still de-
pend on handcrafted feature matching and expensive geo-
metric verification. Our work adopts a similar scene graph
abstraction but replaces these steps with VPR-based graph
construction and a foundation model for reconstruction.

2.2 Visual Place Recognition.

VPR retrieves images of the same place from a large
database, serving as a scalable proxy for spatial proxim-
ity without explicit 3D reasoning. Methods have pro-



gressed from VLAD-based aggregation [2, 26l [11] to
classification-inspired [4] and optimal-transport-based de-
scriptors [[16], with recent work leveraging foundation
model features for improved cross-domain generaliza-
tion [17, 15 [1]]. MegaLoc [3]] combines a DINOv2 back-
bone with SALAD aggregation to achieve state-of-the-art
retrieval across diverse scenes; we adopt its descriptors to
construct our VPR-based scene graph as a lightweight al-
ternative to classical feature matching and geometric ver-
ification.

2.3 Foundation Models for 3D Vision.

A recent trend replaces multi-stage SfM with end-to-end
Transformer-based models. DUSt3R [34] pioneers joint
estimation of camera parameters and dense point maps in
a single forward pass; subsequent work extends this to
feature matching [21]], dynamic scenes [41], and incre-
mental processing [32) [35] 138]], and sparse uncalibrated
views [42]. VGGT [33]] further advances the paradigm
by processing entire image sets through alternating atten-
tion blocks, with follow-on work improving its robust-
ness and efficiency (31} [14 [18]. 73 [36)] eliminates the
fixed reference-view assumption via a fully permutation-
equivariant architecture. Despite these advances, the
quadratic memory cost of self-attention limits all these
models to short sequences, making direct application to
large unordered collections infeasible.

2.4 Scalable Reconstruction with Founda-
tion Models.

While foundation models such as VGGT excel at recon-
structing scenes from a few hundred images, their full at-
tention mechanism creates a significant scalability bottle-
neck for large collections.

Sequential chunking methods process ordered frames
in segments—VGGT-Long [9]] aligns overlapping chunks
while InfiniteVGGT [39] extends this to endless
streams—but both assume temporally ordered input
unsuited for unordered collections. FastVGGT and
LiteVGGT [29} 130]] reduce cost within a single pass by
merging redundant tokens, while CUT3R and TTT3R [35}
6] avoid full self-attention via per-image depth prediction
at the cost of global geometric consistency. MERG3R [8]]
takes a divide-and-conquer approach but sorts images into
a pseudo-video before clustering, which fails for complex
scenes.

3 Method

We present a scalable pipeline for large-scale 3D recon-
struction from unordered, heterogeneous image collec-

tions. As illustrated in Figure 2] the pipeline decomposes
the scene into memory-feasible sub-scenes, reconstructs
each independently with a foundation model, and merges
the results into a globally consistent map.

3.1 VPR-Based Scene Graph Construction

We extract a global descriptor for each image using
Megal.oc [3], which combines a DINOv2 backbone
with SALAD aggregation [16] to enable reliable retrieval
across large viewpoint and appearance changes—unlike
raw DINOV?2 features, which largely restrict connectivity
to adjacent frames.

A scene graph G = (V, €) is constructed over the image
collection, where each node v; € V represents an image
and each edge (i,j) € & is weighted by cosine similarity
between VPR descriptors. Since all image pairs receive
a finite score, we reduce G to its Maximum Spanning
Tree (MST), retaining exactly |V| — 1 edges through the
most visually similar pairs and eliminating spurious con-
nections.

To further improve edge quality, we replace raw cosine
similarity with the GNN-based scoring model from [37]],
which propagates contextual information over the graph
to predict a globally consistent matchability score. Each
edge is first initialized as:

ef; = ReLU(f1[d;, dj, (di, d;)]),

and refined through two iterations of edge-node message
passing. The final edge rank is predicted as:

iy = fue(e;),

which we use as the edge weight s;; for scene graph con-
struction. Unlike the original work, which uses MST-
based graphs for SfM pose initialization, we repurpose
this scoring to guide scene decomposition for foundation
model inference.

3.2 Recursive Graph Clustering

Large scenes yield graphs with thousands of nodes that
exceed the memory budget of any single foundation
model inference. We recursively partition G into sub-
graphs by cutting the MST. At each recursion, if the num-
ber of images in a sub-graph exceeds the memory upper
bound Np,.x, We bisect it into two equally-sized halves by
selecting the MST edge e* that minimises the size imbal-
ance between the two resulting sub-graphs:

ecT Z

e* = arg max
(,7) € et U right

Sij — A |‘Vleft| - ‘VrightH
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Figure 3: Qualitative results of visual place recognition.
For each query image (left), the top-4 retrieved images
(right) are shown.

where s;; denotes the VPR similarity score between im-
ages 7 and j, e and g are the edge sets of the two
resulting sub-graphs, and A controls the trade-off between
internal cohesion and balanced partitioning. Both par-
titions are recursively bisected until all sub-graphs sat-
isfy |[Vi| < Nmax, yielding K spatially coherent clusters
{gk}i{zr
To ensure adjacent clusters share sufficient context for
subsequent point map alignment, we augment each cluster
with a set of overlap images derived from the cut edges.
Let £t = € \ Uy, &k denote the set of edges removed by
the graph cut. For each cut edge (i,j) € Ecu, we define
the h-hop neighbourhood of a node v within sub-graph Gy,
as:
N (v) = {u € Vi | dp(v,u) < R}, )

where dy; (v, u) is the shortest-path distance between v and
u in Gi. The augmented node set of each cluster is then:

U M),
(4,4) € Ecut
JEVk

]}k =V, U 3)

where the union collects the h-hop neighbourhoods of all
cut-edge endpoints that belong to Vj,. The depth h con-
trols the trade-off between alignment quality and redun-
dancy: a larger h provides a broader shared context at
the cost of increased overlap between clusters, while a
smaller h keeps clusters compact. In practice, we find
h=2 to strike a good balance, adding enough shared struc-
ture for robust point map alignment without causing ex-
cessive overlap.

3.3 Foundation Model Inference

Each cluster Gy, is processed independently by a founda-
tion model F, which produces camera parameters and a
dense point map in a single feed-forward pass:

{P;, Ki, Cilicg,, My = F({Li}icg,), @

where P; € SE(3), K; € R3*3, and M, is the local
point map reconstructed in its own coordinate frame. De-
composing the full collection into K clusters of size T'
reduces the self-attention cost from O(N?) to O(KT?),
lowering peak GPU memory and enabling parallel infer-
ence across multiple GPUs.

3.4 Overlap-Based Point Map Alignment

To merge sub-scene reconstructions into a common co-
ordinate frame, we exploit the overlap images shared be-
tween adjacent clusters. Each overlap image appears in
two clusters Gy and Gy, yielding two point maps M}
and 27 defined in different local coordinate frames,
along with their associated confidence maps C}" and CY.

Correspondence Construction. For each overlap im-
age shared by clusters G, and Gy, we obtain 3D point cor-
respondences {(p%, pi,)} by pairing pixels at the same
image coordinate across the two point maps. A corre-
spondence is retained only if both of its confidence scores
exceed the 50th percentile of their respective cluster:

(&)

¢, > Tk and ¢ > T, T = Pso(CRY),

Robust Sim(3) Estimation. For each cluster overlap
edge (G, Gr/), we estimate a similarity transformation
Sk—k € Sim(3) that aligns MY to M$Y by minimis-
ing a robust weighted cost:

2
.. (©®

S* = arg segliirg(?)) ;wl ||PZ - SPM

solved via Iteratively Reweighted Least Squares (IRLS),
where at each iteration ¢ the per-correspondence weights

are updated as:
/)

(®)
w; TZ(t) )

@)

:Ci'

where ¢; is the confidence score of correspondence ¢,
r® = |Ipi — S®pi, ||, is the residual from the previ-
ous iteration, and p(-) is the Huber loss. Each weighted
least-squares subproblem is solved in closed form via
the weighted Umeyama algorithm. This formulation
naturally down-weights low-confidence regions and con-
centrates alignment on stable, high-confidence structures

such as buildings and static surfaces.

Global Merging. The pairwise Sim(3) transformations
estimated over all cluster overlap edges form a spanning
tree over the cluster graph. We designate one cluster as
the global reference frame and compose transformations



~

1d

P

V2

[easL13a 98eW|
uondNISu0d yden

jy10miau [eanu ydein

V5

§ 11

|

Ve
-

V1 V1

/:\ V1 V2 v3
i
v3 v2 >< v3

i

i

R
v4 va

/ \ va) (vs

V' V5 V6
V6

Figure 4: Detailed illustration of the scene graph construction and clustering pipeline.

along tree paths to obtain the absolute similarity S, €
Sim(3) for each cluster k:

Sk = Sk,_1—k© 0S8k ks O Srefsky (®)
where ref — k1 — -+ — k1 — k is the unique
path from the reference cluster to cluster k in the span-
ning tree. Each local point map My is then transformed
as My = Si(My), and all transformed maps are merged
into a single global point cloud ready for bundle adjust-
ment.

3.5 Feature Tracking

Accurate pixel correspondences are critical for global
bundle adjustment. To avoid exhaustive all-pairs match-
ing of quadratic complexity, we restrict matching to im-
age pairs connected in the VPR scene graph, reducing the
number of candidate pairs to O(kN) where k is the mean
node degree of the graph.

For each retained pair (i,7), we extract keypoints
with SuperPoint [10] and compute matches with Light-
Glue [23]. Pairs with fewer than 50 inlier matches are
discarded as unreliable edges.

The remaining correspondences {(x%,,x7 )} are aggre-
gated into multi-view tracks using a Union-Find structure,
which efficiently merges observations of the same scene
point across multiple views. Each track 7; is associated
with a confidence weight derived from the LightGlue [23]]
match confidence scores, which are used to down-weight
uncertain correspondences during bundle adjustment.

3.6 Global Bundle Adjustment

After aligning all sub-scenes into a common coordinate
frame, we perform global bundle adjustment to correct
accumulated drift and enforce consistency across cluster
boundaries. Following [8]], we jointly optimize camera in-
trinsics, extrinsics, and 3D point positions by minimizing
the confidence-weighted reprojection error over all multi-

view tracks 7:

min
R,tK,P

>

(T, x1,CET

>y =mx),, O

yl,ie7’l

where 7; : R? — R2 denotes the projection onto the im-
age plane of camera i, and C} is the confidence weight
derived from Model Point Head.

4 Experiments

4.1 Implementation Details

Environment. All experiments are conducted on a sin-
gle NVIDIA RTX 6000 Pro GPU. To ensure reproducibil-
ity and fair comparison with hardware-constrained set-
tings, we deliberately limit the memory budget to 24 GB,
corresponding to the capacity of a consumer-grade RTX
3090/4090. The memory upper bound N,y is set ac-
cordingly, such that each cluster processed by VGGT fits
within this 24 GB constraint. This design choice also
demonstrates that our framework is accessible without
high-end hardware.

Following [24], all inference runs in bfloat16 and acti-
vations are retained only at layers {4,11, 17,23}, reduc-
ing peak GPU memory with negligible impact on accu-
racy.

4.2 Metrics

We evaluate camera pose estimation using the EVO
toolkit [13]. We report Absolute Pose Error (APE, m),
Relative Rotation Error (RRE, °), and Relative Pose
Error (RPE, m), with predicted trajectories aligned to
ground truth prior to error computation. We addition-
ally report pairwise metrics: Relative Rotation Accuracy
(RRA@30), Relative Translation Accuracy (RTA@30),
and AUC@30, measuring the percentage of image pairs
whose relative rotation and translation errors fall below
30°.



4.3 Datasets
4.3.1 Ours Dataset.

We collect an in-house dataset comprising images cap-
tured across multiple real-world outdoor scenes, including
street intersections, warehouse facilities, open lawns, and
outdoor installations. Images are gathered from hetero-
geneous and unordered sources such as drone aerial pho-
tography, GoPro ground-level captures, and multi-camera
rigs, with no consistent temporal structure across devices.
Ground-truth camera poses are obtained via COLMAP re-
construction.

Table |I| reports results on our dataset. Our method
consistently outperforms all baselines across every scene.
On Intersection (2 cams), our method achieves the best
performance across all metrics where MERG3R fails en-
tirely. On Office, we outperform even VGGT-Long, sug-
gesting VPR-based connectivity is more robust in low-
texture environments. On Warehouse and Lawn, where
VGGT and FastVGGT run out of memory, our decompo-
sition keeps GPU usage within 24 GB while substantially
outperforming MERG3R (RRE = 34.1° on Lawn due to
unreliable pseudo-video ordering over homogeneous ter-
rain).

4.3.2 Tanks and Temples.

Tanks and Temples [20] provides unordered image col-
lections of indoor and outdoor scenes with ground-truth
point clouds.

Our method achieves the lowest RRE and RPE on
most T&T scenes; the higher APE on Church (0.605) re-
flects limited pairwise overlap in this structurally complex
scene.

4.3.3 7-Scenes.

7-Scenes [12] is an indoor RGB-D benchmark compris-
ing seven small-scale scenes captured with a handheld
depth camera, with ground-truth camera poses provided
for each sequence. To simulate a large unordered multi-
session setting while keeping the image count manage-
able, we merge all sequences into a single unordered pool
and uniformly subsample the frames such that each scene
contains approximately 1000 images.

4.3.4 Cambridge Landmarks.

Cambridge Landmarks [19] is an outdoor urban bench-
mark with multiple video sequences per scene. We merge
all sequences into a single unordered image pool to simu-
late real-world multi-source capture conditions.

Table 3: Results on Cambridge Landmarks dataset. Bold
denotes best result.

Scene Method ~ APE| RRE| RPE|
King’s College (1562) 1(\)4520312 3:8241‘ (l):;;‘é 32323
o Hospial 1084 6, ™ (788 gt oset
Shop (334) ours 0288 0348 0280
SMary's Chuch 2108) 6, % 58 0504 0260
Great Court (2291) 18/[::20311 313..927987 408,%12’,6 gggg

Our method consistently outperforms MERG3R on
Cambridge Landmarks, with particularly large gains on
St Mary’s Church and Great Court (APE reduced by
>93%).

4.4 Overall Benchmark Comparison

Table 4] summarizes results across all benchmarks. Our
method achieves the best or highly competitive perfor-
mance in every setting. The largest gains appear on our
dataset and Cambridge Landmarks, where heterogeneous
unordered captures expose the limitations of pseudo-
sequential clustering in MERG3R. On Tanks and Tem-
ples, our method achieves the best overall accuracy de-
spite relatively coherent image ordering. On 7-Scenes,
both methods perform comparably; our method obtains
lower RRE and RPE while MERG3R achieves marginally
better APE.

4.5 Computation Time and Memory Usage

Figure[f|reports runtime and peak GPU memory as a func-
tion of input size. VGGT and FastVGGT exhibit quadratic
memory growth, exceeding the 24 GB budget at ~500
and ~900 images respectively, while our method and
MERG3R maintain near-constant memory by bounding
each cluster independently. At 1000 images, our method
runs in ~120s, comparable to MERG3R (117s), while
outperforming all baselines in reconstruction accuracy.

4.6 Ablation Study

Scene Graph Construction. We initially used COLMAP
retrieval and geometric verification for scene graph con-
struction, but its overhead scales poorly to large collec-
tions. Table [5| shows that Megal.oc descriptors achieve
comparable accuracy at a fraction of the cost, motivating
our VPR-based design.



Table 1: Results on Ours dataset.

Intersection Intersection Warehouse Lawn
(1 cam) (2 cams) Office (loop) Outdoor Art (aerial)
Method APE| RRE| RPE| APE| RRE| RPE| APE| RRE| RPE| APE| RRE| RPE| APE| RRE| RPE| APE| RRE| RPE|
VGGT 0.529 2336 0.393 0.513 2.307 0427 0.381 12.397 0.383 oOOM 0.659 2.666 0.281 oOOM
VGGT-Long 0.811 1.166 0.280 N/A 0.328 3.501 0.294 - - -
FastVGGT  0.308 1.817 0.262 0.279 1.496 0.228 0.317 7.380 0.353 0.172 1.240 0.103 1.160 2.480 0.523 0.654 2.577 0.245
LiteVGGT 0.177 1.018 0.152 0.227 1.173 0.204 0.389 11.480 0.419 0.224 1.476 0.100 0.842 2.387 0.375 0.677 2.605 0.224
MERG3R 0.234 1529 0.209 0.408 4.671 0.520 0.351 11.517 0.532 0.347 4.567 0.329 0.874 6.747 1.204 1.948 34.091 1.250
Ours 0.038 1.216 0.176 0.196 0.956 0.134 0.195 1.535 0.260 0.111 0.691 0.050 0.148 1.816 0.074 0.756 1.264 0.099
Table 2: Results on Tanks and Temples dataset. Bold denotes best result.
Meeting Room Museum Barn Caterpillar Church
Method APE| RRE|] RPE| APE| RRE| RPE| APE| RRE| RPE| APE| RRE| RPE| APE| RRE| RPE|
FastVGGT 0.070 0.456 0.056 0.148 0932 0.123 0.059 0.580 0.056 0.059 0470 0.051 2909 3.759 0.189
VGGT 0.094 0342 0.040 0.195 0.583 0.106 0.074 0435 0.037 0.065 0.318 0.031 0963 6.262 0.401
LiteVGGT 0.086 0.447 0.053 1.213 12306 0910 0.068 0.538 0.044 0.058 0.397 0.040 0.239 1.835 0.153
MERG3R  0.042 0.196 0.017 0.104 0427 0.057 0.033 0.648 0.030 0.069 0.828 0.094 2939 8.003 0.316
Ours 0.074 0.172 0.011 0.107 0.361 0.050 0.061 0.349 0.020 0.036 0.323 0.018 0.605 1913 0.100

Table 4: Comparison on all benchmarks. Bold denotes

best result.

Table 5: Comparison of scene graph construction methods
on pose accuracy and preprocessing time.

Dataset Method APE| RRE| RPE| RRA@307 RTA@30t AUC@301 Method Time (min)] APE (m)] RRE (°)/ RPE (m)}
LiteVGGT 0423 3357 0246 09459 09198  0.7196 COLMAP 163 0.161 0722 0.045
Ours FastVGGT 0317 7.380 0353 07497 07909  0.5760 DINOV?2 [40] ~1.0 0.315 1.202 0.113
MERG3R 0507 30.000 0.548 07900 07335  0.5737 SALAD [16] ~1.0 0.182 0.950 0.041
Ours 0236 1219 0150 1.0000 09803  0.8361 Clique [13] ~1.0 0.147 0.614 0.040
VGGT 0278 1588 0.123 09618 09563  0.8641 MegaLoc [3] ~1.0 0.111 0.691 0.050
FastVGGT 0.649 1239 0095 09176 09239  0.8472
T&T LiteVGGT 0333 3.105 0240 09447 09577  0.8109 . .
MERGIR 0635 2020 0103 09176 00151  osagy 1able 6o Ablation of GNN edge scoring on Church (T&T).
Ours 0177 0624 0040 09734 09685 o030 Bold denotes best result.
Combridee. MERG3R 4455 6870 4218 0.9695 09560  0.8037
£ Ours 0333 0491 0149 09970 09952  0.9290 Method APE|, RRE| RPE| APEt RRE} RPEf
LiteVGGT 0.837 1215 0.627 09961 09651  0.7402 VGGT 0.963  6.262 0401 0.809 0796 0.657
7-Scenes MERG3R 0.635 1253 0.654 09993 09859  0.8495 MERG3R 2939 8003 0316 0588 0.582 0.456
Ours 0.618 0399 0510 09993 09896  0.8499 Ours w/o GNN  3.038 3.541 0.182 0.533 0581 0.474
Ours 0.605 1913 0.100 0.867 0.847 0.741

Megal.oc achieves the best APE and most consistent
performance across all metrics. Although Clique [[15] at-
tains slightly lower RRE and RPE, Megal.oc avoids the
failure modes of other methods—DINOv2 degrades on
rotation errors and SALAD yields notably higher RRE—
making it the more robust choice across diverse scene con-
ditions (Figure 7).

GNN Edge Scoring. We evaluate GNN-based edge
scoring on the Church scene (T&T), which features com-
plex topology and limited inter-cluster overlap. As shown
in Table [6] removing GNN scoring degrades APE from
0.605m to 3.038 m and drops camera registration from
86.70% to 53.25%, confirming that reliable edge quality
is critical for coherent scene decomposition.

5 Conclusion

We presented MegaVGGT, a training-free framework
that extends feed-forward 3D reconstruction models to
large-scale, unordered, and heterogeneous image collec-
tions. By replacing sequential ordering assumptions with
a VPR-based scene graph, our method naturally han-
dles complex scene reconstruction scenarios where im-
ages originate from mixed drone, ground-level, and multi-
camera captures across different times and conditions.
Recursive MST-based clustering partitions the scene into
memory-feasible sub-scenes, and overlap-based Sim(3)
alignment followed by global bundle adjustment produces
a globally consistent reconstruction.

Experiments across indoor and outdoor benchmarks



Figure 5: Qualitative comparison of camera trajectory estimation (red) and 3D point cloud reconstruction (grey) on
two scenes. Left pair: MERG3R (1st) vs. ours (2nd, KingsCollege)). Right pair: MERG3R (3rd) vs. ours (4th,
StMaryChurch).

— FastvGGT
— LieVGeT s
— ours

--- MERG3R

-~ 24GB limit

(a) Peak GPU Memory

==+ MERG3R

410 496 650 794 994

(b) Inference Time

Figure 6: Scalability comparison across methods. Our cluster-based decomposition maintains bounded memory usage
and competitive runtime regardless of collection size, while single-pass methods either run out of memory or exhibit
rapidly growing inference time as the number of images increases.

(a) COLMAP

(d) SALAD

(b) DINOV2

(e) Megal.oc (ours)

Figure 7: Trajectory comparison across scene graph con-
struction methods.

demonstrate that MegaVGGT consistently outperforms
existing scalable methods in pose accuracy, particularly
on unordered multi-source collections where sequential

methods fail outright.

On standard benchmarks, our

method remains competitive with single-pass foundation
models while lifting the memory constraint entirely.

(a) VGGT
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Figure 8: Trajectory comparison on the Church scene.
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