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Figure 1: G3AR registers thousands of multi-sequence aerial images into a coherent point cloud with lower runtime than prior

long-context pipelines.

Abstract

Full-context neural visual geometry is impractical for thousands
of images, while sequence-based chunking poorly captures irreg-
ular non-local overlap in multi-sequence aerial collections. We
present Graph-Guided Neural Visual Geometry for Aerial Regis-
tration (G3AR), a graph-guided framework for scalable dense neu-
ral geometry. Before local inference, G3AR builds a geometrically
verified image-proximity graph that guides bounded overlapping
chunks and induces a chunk graph whose maximum spanning
tree defines alignment topology. Compatible backbones process
chunks independently; shared-image predictions then estimate
three-dimensional similarity (Sim(3)) transforms that register local
cameras and geometry in a common frame. Across four real aerial
scenes, G3AR improves pose error and runtime in matched VGGT-
and Pi3-backed comparisons, while its DA3 variant achieves the
lowest pose error among evaluated neural-geometry methods.
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1 Introduction

Feed-forward neural geometry models such as VGGT [2025],
Pi3 [2026], and DA3 [2025] directly predict camera poses and dense
geometry. Yet full-context inference over thousands of images is
impractical. Long-context methods such as VGGT-Long [2026]
and MERG3R [2026] therefore process and align chunks, making
results depend on chunk composition and alignment topology.
Large aerial surveys span multiple flights without a reliable
global temporal order: overlap crosses strips, revisits, or vehicles,
while sequence boundaries may be unrelated. Scaling therefore
requires reliable non-local connections for chunk formation and
alignment without exhaustive matching or full-scene optimization.
We present G3AR: Graph-Guided Neural Visual Geometry for
Scalable Multi-Sequence Aerial Registration, which adapts graph
partitioning to dense neural geometry. A geometrically verified
proximity graph guides bounded overlapping chunks for neural
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Figure 2: Overview of G3AR. (A) Multiple aerial image sequences are provided as input. (B) Verified temporal, retrieval, and
propagation edges organize the images into a proximity graph. (C) Graph partitioning and boundary expansion form bounded
overlapping chunks. (D) A feed-forward geometry backbone predicts chunk-local camera poses and dense geometry in parallel.
(E) A maximum spanning tree of the proximity-derived chunk graph selects shared-image Sim(3) alignments. (F) Composing
the transformations registers the cameras and aligns the geometry in a common frame.

inference; their chunk graph defines a maximum spanning tree for
shared-image Sim(3) alignment. Compatible backbones indepen-
dently predict local cameras and geometry, supporting multi-GPU
inference. Assembly requires no backbone retraining, global pose-
graph refinement, or post-assembly bundle adjustment. On four
real aerial scenes, G3AR reduces pose error over matched VGGT-
and Pi3-backed baselines, while DA3 achieves the lowest evaluated
neural pose error. On the 5,621-image synthetic Small City scene
from MatrixCity [2023], its VGGT variant reduces pose error, point-
cloud error, and runtime relative to VGGT-Long and MERG3R. With
DA3, eight L40 GPUs achieve a 2.29X mean end-to-end speedup
across the four real scenes.

2 Related Work

COLMAP [2016] and GLOMAP [2024] combine verified matching,
camera registration, and global optimization. GraphSfM [2020]
partitions verified view graphs into overlapping clusters and
merges independent reconstructions. FastMap [2026] and In-
stantSfM  [2025] target efficiency; the supplement compares
these systems and DAGSfM with G3AR. Feed-forward models
VGGT [2025], Pi3 [2026], and DA3 [2025] predict cameras and
dense geometry, while VGGT-Long [2026], SwiftVGGT [2026], and
MERGS3R [2026] scale through subset processing and alignment.
G3AR adapts graph partitioning to neural geometry, using verified
aerial proximity to jointly guide bounded inference chunks and
inter-chunk Sim(3) alignment.

3 Method

Given images {I;})¥, from one or more flight sequences, G3AR
builds a weighted proximity graph G = (V, &, w), where V = [N]
indexes images, & contains geometrically verified temporal, re-
trieval, and propagation edges, and w;; measures verified overlap.
As illustrated in Fig. 2, (A) multi-sequence aerial images are pro-
vided; (B) verified edges form a proximity graph; (C) each connected
component is partitioned and expanded into bounded overlapping
chunks {Cy}; (D) a compatible feed-forward geometry backbone
processes chunks independently in parallel; (E) a maximum span-
ning tree of the induced chunk graph selects shared-image Sim(3)
alignments; and (F) composing these transformations registers cam-
eras and aligns geometry.

3.1 Proximity Graph Construction

We propose temporal, retrieval, and propagation edges to recover
local and non-local overlap without exhaustive pairing; geomet-
ric verification filters repetitive-structure matches and determines
edge retention and weight. For image i, flight metadata and Ul-
traVPR [Chen et al. 2025] provide neighborhoods Niemp (i) and
Nret (i), respectively, yielding initial candidates S ={{ij}:je
Niemp (i) U Neet (i) }. Temporal candidates preserve flight continuity;
retrieval identifies revisits and cross-strip or cross-sequence over-
lap. For each candidate {i, j}, ALIKED [2023] and LightGlue [2023]
produce tentative correspondences M;;. Fundamental-matrix ver-
ification with USAC [2013] and MAGSAC [2020] yields inliers
/‘/(\i j. Let pi(/’\/\[,»]—) denote the fraction of grid cells in I; contain-
ing an inlier. We define w;; = |7VT,—,—| max{p,-(//\-/l\,-j), pj(/’\/T,-j)}, with
w;j = 0 upon verification failure. The operation Verify(-) retains
pairs with w;; > 7, where 7 = 200, giving & = Verify(go) and
Go = (V, &, w). For each retained retrieval proposal i — j, prop-
agation proposes edges from i to unconnected neighbors of j in
Go. Applying the same procedure gives & = & U Verify(gpmp).
UltraVPR only retrieves candidates; verified local geometry sup-
ports every final edge. We process G = (V, &, w) independently
per connected component.

3.2 Proximity-Based Chunking

We form bounded inference chunks that preserve high-proximity
neighborhoods and share images for 3D alignment. Let b, and b,
denote the partition budget and maximum expanded-chunk size.
Weighted METIS partitioning [1998] favors low-weight cuts, pro-
ducing disjoint partitions {#P%} that cover each component of G and
satisfy |Pk| < by. Components within budget remain unchanged;
those without usable internal adjacency use sequential partitioning.
For each #, let Py contain outside images connected to it by &.
Adding the highest-proximity images from P} forms Cy, subject
to |Cx| < b.. Shared images Oy, = Cr N C; constrain subsequent
Sim(3) alignment. A compatible feed-forward geometry backbone
independently predicts chunk-local camera poses and dense ge-
ometry. Backbone-independent graph construction and chunking
support VGGT, Pi3, and DA3, with chunk inference distributable
across GPUs.



G3AR

SA Technical Communications '26, December 01-04, 2026, Kuala Lumpur, Malaysia

Table 1: Average camera pose estimation on four real aerial scenes. Values are Sim(3)-aligned and averaged equally across
scenes. COLMAP and GLOMAP are unranked classical references. Among neural-geometry methods, the top-3 results are

highlighted as first, second , and third .

Method ATERMSE | ATEmean| ATE median| Runtime | Max VRAM (GiB)
COLMAP [Schonberger and Frahm 2016] 0.031 0.022 0.016 61min17s N/A
GLOMAP [Pan et al. 2024] 3.570 3.207 3.177 27 min 00 s N/A
VGGT-Long [Deng et al. 2026] 2.355 2.084 1.994 23 min50s 20.5
SwiftVGGT [Lee et al. 2026] 2.370 2.073 1.870 10 min 25s 33.5
MERG3R + VGGT [Cheng et al. 2026] 2.556 2.288 2.170 23 min54s 20.9
MERG3R + Pi3 [Cheng et al. 2026] 1.030 0.900 0.835 21min 14s 19.3
Ours + VGGT 1.855 1.529 1317  9min42s 21.7
Ours + Pi3 0.733 0.483 0384 9min38s 19.7
Ours + DA3 0.653 0.403 0.301 10min 23 s 26.7

3.3 Proximity-Based Merging

After chunk registration, we lift image proximity to a chunk
graph for lightweight assembly. Expanded chunks induce
Ge = (K, Ec, n), where K = [N¢] indexes chunks and {k, £} € E¢
when neighboring chunks share images, i.e., O, # 0. Weights
Nke combine proximity evidence and shared-image overlap. A
maximum spanning tree is extracted independently per connected
component, prioritizing strong connections without sequential
ordering. We define 1y, = |Ok,| max w;; over cross-partition edges.
For each selected edge {k, £}, dense predictions of images in Ok,
provide corresponding 3D points in both chunk frames. Following
VGGT-Long [2026], G3AR uses iteratively reweighted least squares
to estimate a robust pairwise Sim(3) transformation, recovering
relative scale, rotation, and translation. For each tree, we select
a reference chunk and compose pairwise Sim(3) transformations
along unique tree paths, placing all reachable cameras and ge-
ometry in a common frame. This tree-based assembly requires
neither global pose-graph Levenberg-Marquardt refinement nor
post-merge bundle adjustment.

4 Experiments

We evaluate Building and Rubble from Mill19 [2022] and Residence
and Sci-Art from UrbanScene3D [2022] (1,657-2,998 images), plus
the 5,621-image synthetic Small City scene from MatrixCity [2023],
with ground-truth poses and a dense reference point cloud. We
report camera coverage, Sim(3)-aligned ATE, end-to-end runtime,
peak GPU memory, and Chamfer-L1 where available, using one
NVIDIA L40 GPU unless noted. For controlled comparison, VGGT-
Long, MERG3R, and G3AR use at most 95 images per chunk with
a 35-image overlap target (b, = 75, b = 95), retaining their
own chunking and alignment strategies. The supplement provides
broader classical SfM comparisons, scaling details, and ablations of
temporal-order dependence, alignment topology, and global opti-
mization.

Quantitative Results. Full-context runs of VGGT [2025],
Pi3 [2026], DA3 [2025], FastVGGT [2026], and LiteVGGT [2026]
exceed 48 GiB and are omitted. G3AR reduces ATE and runtime
relative to VGGT-Long and MERG3R with VGGT, and to MERG3R
with Pi3. All three variants maintain full camera coverage; Ours +
DA3 achieves the lowest ATE and Ours + Pi3 the shortest runtime
among evaluated neural methods (Table 1). On Small City [2023],

Table 2: Small City results with VGGT local geometry. Errors
are Sim(3)-aligned in dataset units.

Method ATERMSE | Runtime | Chamfer-L1 |
VGGT-Long 6.6277 44 min 55 s 2.7457
MERG3R + VGGT 5.2523 44min3s 3.1699
Ours + VGGT 4.7639 24 min 8s 1.3408

Table 3: DA3 chunk-image selection ablation, averaged
equally over four real scenes.

Variant ATE RMSE |
Temporal edges only 2.625
Temporal + retrieval edges 0.819
Temporal + retrieval + propagation edges 0.653

Ours + VGGT achieves the lowest ATE, Chamfer-L1, and runtime
among the compared neural pipelines (Table 2).

Qualitative Results. On Building and Residence, graph-guided
variants preserve coherent global layouts and broader extents than
the displayed long-context baselines, while local geometry remains
more diffuse than COLMAP (Fig. 3).

Multi-GPU Scaling. Across four real scenes with DA3, eight
warmed L40 GPUs achieve 7.11X mean chunk speedup at 88.9%
efficiency and 2.29X mean end-to-end speedup (Fig. 4).
Ablations. Chunk-selection ablations with DA3 across four real
scenes show that retrieval reduces ATE RMSE over temporal edges
alone, with further gains from propagation (Table 3), supporting
verified non-local edges for chunk selection.

5 Conclusion

G3AR uses graph-guided partitioning, shared-image overlap, and
inter-chunk Sim(3) alignment to scale dense neural geometry for
multi-sequence aerial registration. Across four real scenes, all three
backbones retain full coverage and improve pose error over matched
long-context counterparts; eight-GPU chunk inference achieves
7.11X mean speedup (2.29% end-to-end). Future work will improve
graph robustness beyond aerial scenes and support incremental
reconstruction.
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Figure 3: Building and Residence point clouds under matched local inference budgets. Graph-guided variants retain broader
roof, facade, and ground extents than the displayed long-context baselines.
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Figure 4: Scaling over four real scenes. Labels show mean
runtime and mean per-scene speedup relative to one GPU.
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