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Structure-from-Motion — the process of simultaneously esti-
mating camera poses and 3D scene structure from a col-
lection of images — remains a central challenge in com-
puter vision, with many open problems yet to be solved. Re-
cent advances in feedforward 3D reconstruction have made
significant strides in overcoming persistent failure cases of
classical SfM methods, particularly in scenarios character-
ized by low texture, limited overlap, and symmetries. How-
ever, while feedforward approaches excel in these challeng-
ing conditions, they often face limitations regarding scal-
ability, accuracy, or robustness, and typically fall short of
classical methods in standard reconstruction settings. In
this work, we systematically analyze these limitations and
propose a new Structure-from-Motion pipeline by combin-
ing the respective strengths of classical and feedforward
methods. Extensive experiments across multiple datasets
show the benefits of our approach, achieving state-of-the-
art results across a wide range of scenarios. We share
our system as an open-source implementation at ht tps :
//github.com/colmap/gluemap.

1. Introduction

Structure-from-Motion (SfM) tackles the problem of recon-
structing 3D scene structure and cameras given a set of im-
ages. It is a fundamental technique in computer vision and
serves as a critical building block for numerous applications
like localization [35], multi-view stereo [38], novel-view-
synthesis [20], or 3D training data generation [47].
Throughout its long history [44], progress in the field
has been primarily driven by optimization-based algo-
rithms [24, 28, 30, 36, 41, 51], which we refer to as clas-
sical methods in the remainder of this text. While these ap-
proaches differ in their specific formulations, they generally
share a common structure: correspondence search using
pairwise (local) feature matching and (global or incremen-
tal) reconstruction using robust optimization. To this day,
SIFT [25] remains the standard choice for correspondence
search. The global reconstruction paradigm [30] sets itself
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Figure 1. We evaluate on 5 datasets, featuring different challenges.
The average rank on each dataset is reported. Classical and feed-
forward methods struggle under different settings, while ours con-
sistently maintains best performance across the board.

apart from the incremental [36] one by estimating camera
poses and scene structure in a single, unified global opti-
mization step, rather than incrementally building up a par-
tial reconstruction using repeated local and global optimiza-
tions. The global approach generally results in improved
runtime scalability and better robustness against symmetry
issues. The state-of-the-art classical SfM systems [30, 36]
achieve high levels of reliability [31] for sufficiently over-
lapping input images with enough parallax and discrimina-
tive scene texture. In contrast, these methods frequently
struggle when the input images are sparse, have limited par-
allax, or do not contain enough distinctive features to match.

To address the limitations of classical approaches, the
research community has increasingly focused on replac-
ing hand-crafted modules in the 3D reconstruction pipeline
with learned feedforward components, while still leverag-
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ing classical optimization techniques. For example, learned
features like ALIKED [56] and learned matchers like Light-
Glue [23] enable more reliable matching under challenging
appearance changes. More recently, fueled by significant
advances in large-scale model training, the community has
achieved breakthrough results by solving the multi-view 3D
reconstruction problem end-to-end with a single feedfor-
ward architecture, effectively eliminating the need for ex-
plicit geometric solvers and optimization. After a long pe-
riod of incremental progress, these methods have enabled a
substantial leap forward, resolving several persistent failure
cases that challenged traditional approaches.

However, these methods are no silver bullet. In many
cases, they still lag behind classical techniques in terms of
scalability, accuracy, and robustness. The reliance on heavy
transformer-based architectures leads to high memory re-
quirements, limiting scalability to only several hundred in-
put views at relatively low image resolutions, thus limit-
ing accuracy. Recent efforts [9, 53] have sought to address
these scalability issues, but they still struggle to process be-
yond a thousand images. Moreover, as we will demonstrate
later, these approaches can exhibit counterintuitive behav-
ior in which adding more input images does not necessar-
ily improve the outputs. For scenarios where classical SfM
methods succeed, feedforward approaches typically lag sig-
nificantly behind in terms of accuracy. When feedforward
methods do approach classical performance in these nom-
inal cases, they often do so by incorporating optimization-
based bundle adjustment (BA), which only partially bridges
the gap. In terms of robustness, none of the existing meth-
ods can reliably handle multiple connected components, re-
solve symmetric structures, or systematically reject outliers
such as irrelevant input images.

Our key contributions are an analysis of the limitations
of classical and feedforward 3D reconstruction. We then
use these insights to propose a novel pipeline by combin-
ing their respective strengths. Extensive experiments across
multiple datasets show the benefits of our approach, achiev-
ing state-of-the-art results across a wide range of scenarios.

2. Related Work
2.1. Classical Methods

Classical SfM algorithms broadly categorize into incremen-
tal and global methods. Both types begin with correspon-
dence search, which typically involves extracting local im-
age features [10, 25, 56] and matching them across im-
ages [23]. To establish the view graph, images can be paired
exhaustively or, for greater scalability, by employing image
retrieval techniques [1, 37] to identify overlapping image
pairs. Correspondence search concludes by estimating two-
view geometries [16] using robust estimation techniques.
The primary distinction between incremental and global

pipelines lies in how they estimate cameras and struc-
ture. Incremental SfM pipelines — such as Bundler [41]
or COLMAP [36] — build the reconstruction by adding im-
ages one at a time. At each step, they perform robust BA
to jointly refine cameras and 3D points, interleaving this
optimization as new images are incorporated. Global SfM
pipelines, in contrast, estimate all cameras and 3D points si-
multaneously from the entire set of images. Historically, in-
cremental methods have been regarded as more robust, par-
ticularly in challenging scenarios. However, recent methods
like GLOMAP [30] demonstrate that global SfM pipelines
can now achieve comparable robustness and accuracy but
with better efficiency and scalability characteristics. In our
work, we build upon the global SfM paradigm.

In global SfM, camera intrinsics, rotations, and transla-
tions are usually recovered in different stages. For camera
intrinsics, Sweeney et al. [42] proposed to perform view-
graph calibration. The estimated intrinsics are then used to
decompose two-view geometries into relative camera poses
before estimating global camera rotations using rotation av-
eraging [5, 15, 27]. Next, many systems use translation av-
eraging [2, 29, 57] to solve for global camera translations,
but since pairwise translations are only up-to-scale, the for-
mulation is often ill-posed. GLOMAP [30] addresses this
with global positioning to simultaneously recover camera
poses and 3D points, but it can get stuck in local minima
when tracks are insufficient. Similarity averaging [7] takes a
different approach by using depth-derived scale constraints
but remains sensitive to noise. All approaches finalize the
reconstruction with global BA to improve accuracy.

Classical SfM methods face significant challenges in cer-
tain types of scenes, particularly those that are texture-less,
have low image overlap, or exhibit low parallax and sym-
metries. In areas with low texture, local feature matching
becomes unreliable or even impossible. Without sufficient
correspondences, accurate two-view geometry estimation is
not feasible. This, in turn, leaves BA under-constrained, of-
ten resulting in reconstruction failures. When images have
low overlap, it becomes difficult to constrain the scale of
the reconstruction. Since relative camera poses estimated
from two views are only determined up to an unknown
scale, at least three-view overlap is necessary to achieve
consistent and accurate global scale. Furthermore, relative
pose estimation becomes degenerate when image pairs ex-
hibit low parallax (i.e., when the camera motion is mostly
rotational or the scene is far away). This degeneracy can
cause the entire pipeline to fail. Last but not least, the pres-
ence of visually similar or symmetric scene structure (i.e.
Doppelgangers [4, 54]) leads to unresolved ambiguities and
most often results in collapsed 3D reconstructions.



2.2. Feedforward Methods

Recent feedforward methods approach 3D reconstruction
by learning to infer scene geometry and cameras in an end-
to-end fashion, leveraging large-scale training datasets that
typically include both synthetics and 3D models generated
by classical techniques. This allows them to learn complex
priors to solve some of the failure cases of classical meth-
ods. Depending on their network architecture, feedforward
methods can be broadly categorized into three groups: dif-
fusion, recurrent networks, and transformers.

CameraAsRays [55] and PoseDiffusion [45] are two ex-
amples from the first category. Initialized from random po-
sitions, they adopt diffusion processes to obtain the final
pose estimation. CUT3R [48] and its follow-ups are re-
current methods. It maintains a scene state and incremen-
tally reconstructs each incoming image. DUSt3R [49] and
MASt3R [21] represent two-view transformer-based meth-
ods. Images are patchified into a set of tokens and then fed
through a set of transformation layers. These networks then
directly regress 3D points in both images, and estimate cam-
era poses and calibrations via RANSAC. However, since it
only receives two-view input, the scale between image pairs
is estimated by non-metric depth, which is often unstable.
Methods like VGGT [47], MV-DUSt3R [43], and MapAny-
thing [19] took a step further to directly estimate multi-view
reconstructions end-to-end. 7 [50] currently represents the
state of the art by improving upon VGGT using a permu-
tation invariant loss formulation. However, these methods
have their intrinsic limitations, as we show later.

In terms of scalability, diffusion- and transformer-based
methods are inherently bound by GPU memory. Even
though Fast3R [53], FastVGGT [40], StreamVGGT [58],
and SAIL-Recon [8] propose mechanisms to reduce mem-
ory usage, they are still limited to several hundreds of im-
ages. For recurrent networks, though theoretically scalable,
they maintain a fixed state or they suffer from the same lim-
itation as incremental classical approaches, where a single
bad decision can lead to an unrecoverable failure.

Transformer-based models achieve the best accu-
racy [47, 50] across all feedforward approaches. Yet, in
scenes where classical methods work well, transformer-
based models still lag significantly behind in terms of cam-
era pose accuracy — a limitation that is often underreported
in prior literature. To better understand these challenges,
we conduct an extensive analysis on datasets that are diffi-
cult for both classical and feedforward methods.

In terms of robustness, diffusion- and transformer-based
models for multi-view estimation treat all images equally,
enabling every image to interact with another. This full
connectivity works well for object-centric scenes. How-
ever, in complex, large-scale scenes — characterized by a
large view graph radius — attending information globally be-
comes problematic. The resulting quadratic increase in pos-

sible connections makes it difficult to distinguish relevant
from irrelevant information, leading to significant perfor-
mance drops. This problem is exacerbated in the presence
of symmetric scene structure. In contrast, recurrent network
models depend on a specific, typically sequential, input or-
der. If images are provided in random order, or if an image
lacks visual overlap with previously processed images, pose
estimation can fail entirely.

2.3. Hybrid Methods

There are some existing attempts in leveraging the merits of
both categories to improve system performance.

Early feedforward methods primarily aimed to enhance
individual components of the classical SfM pipeline, such
as image retrieval, pair filtering, feature extraction, feature
matching, and optimization. For instance, NetVLAD [1]
and more recent methods like SALAD [17] or Megal.oc [3]
showcased strong improvements over traditional bag-of-
words approaches. Doppelgangers [4] and its successor
Doppelgangers++ [52] developed feedforward networks to
identify image pairs with symmetry issues. SuperPoint [10]
and ALIKED [56] are notable learned feature extractors,
while SuperGlue [33] and LightGlue [23] proposed feedfor-
ward methods for feature matching. These methods serve
as an add-on to classical SfM, leaving the optimization for-
mulation unchanged. Meanwhile, PixSftM [22] performs a
joint refinement over learned features and structure. Liu e?
al. [24] developed a hybrid SfM system to jointly recon-
struct points and lines. MP-SFM [31] addresses some limi-
tations of classical SfM by incorporating learned monocular
priors into an incremental pipeline. However, it struggles to
scale to large problem instances, due to the incremental na-
ture of the pipeline and the computational cost of depth and
normal optimization.

On the feedforward side, efforts have been made in im-
proving scalability and accuracy. MASt3R-SfM [12] per-
forms two-view inference on the view graph and obtains
a multi-view reconstruction by minimizing the 3D point
cloud alignment and reprojection errors. VGGT-Long [9]
and VGGT-SLAM [26] propose to divide a long sequential
input into small segments and apply factor graph optimiza-
tion to align them while VGGT [47] and VGGS{M [46] pro-
duce tracks as part of outputs and inject these into bundle
adjustment for improving the final pose accuracy. However,
these methods are often still less accurate than the classical
SfM systems. In contrast, our method achieves state-of-the-
art performance under a wide range of input scenarios and
scales well to tens of thousands of images.

3. Method

In this section, we introduce our approach for integrating
classical and feedforward techniques into a unified, end-to-
end reconstruction system. The overall pipeline consists of
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Figure 2. Illustration of our proposed GLUEMAP pipeline consisting of four major steps: view graph initialization, feedforward local
inference, global motion averaging, and augmented bundle adjustment. The proposed method combines the advantages of both feedforward
and classical methods and can efficiently scale to tens of thousands of images while remaining robust.

four key stages: (1) view graph initialization selects tenta-
tively overlapping view pairs using scalable image retrieval
and Doppelganger filtering, (2) from the resulting local star
graphs centered on each input view, feedforward local in-
ference then estimates local reconstructions, (3) global mo-
tation averaging performs rotation and similarity averaging
to initialize the global reconstruction from the local stars,
and (4) augmented bundle adjustment jointly refines cam-
era poses and structure using a combination of classical
SIFT and virtual feedforward tracks. An overview of our
GLUEMAP system is shown in Figure 2.

Our system takes as input a set of 7 = 1...n unordered
images Z = {I; € REXWix3} and estimates k = 1...m
scene points X = {X; € R3} as well as camera poses
P ={P, = (R;,t;) € SE(3) | i € T*} and intrinsics K =
{m; € R® — R?|i € Z*} for a subset Z* of confidently
registered images. Further technical details for each stage
are provided in the following sections.

3.1. View Graph Initialization

In this stage, we begin by tentatively selecting overlapping
image pairs using scalable image retrieval techniques com-
bined with Doppelganger filtering. Instead of the standard
feedforward approach of globally attending over all images,
we use the resulting sparse view graph G(Z, £) to only lo-
cally attend feedforward reconstruction. This allows our
approach to more efficiently scale to an arbitrary number
of input images, in particular by avoiding out-of-memory
issues and by batch-reconstructing many local problems in
parallel. Furthermore, by restricting attention to only the
most relevant information and by explicit Doppelganger fil-
tering, feedforward inference becomes significantly more
accurate and robust against symmetry issues.

More specifically, for each input image I;, we re-
trieve a fixed number of c¢ candidate neighbors C; using
SALAD [17], resulting in a total of O(c-n) candidate pairs.
Then, for each of the pairs (i, 5),j € C;, we identify poten-

tially non-overlapping or Doppelganger edges as
aij = DG(I;, I) (D)

where «; ; are Doppelgangers++ (DG) [52] scores. To en-
sure local connectivity, we apply dynamic thresholding on
the scores as follows. Starting from an empty view graph
Gi—o with E;—g = 0, we iteratively add edges between dif-
ferent connected components CC(7) as

Erpa = EUL(6,7) | ey > 0, CC(0) # CC(H) ) (2)

with an initial filtering threshold 9 = 0.8. If the up-
dated graph G41 is connected, the iteration halts and the
graph is accepted. Otherwise, the threshold is lowered as
0411 = 0 — 0.1. The iteration halts if §; < 0.2 and
the largest connected component is kept. The final view
graph G defines a local neighborhood for each image [ as

N ={}u{m | (,m) € &Er}.
3.2. Feedforward Local Inference

Next, feedforward reconstruction proceeds from the estab-
lished view graph. To this end, the view graph is decom-
posed into local star graphs S; = G(N;, {(I,m) | m €
N, 1 # m}) which we batch-reconstruct independently as

(Ipl,’/.'.hpl,ﬁ) = FF(INL) P (3)

where we use 7° [50] (FF) to infer local poses P; =
{P;|i € N}, depth maps Dy = {D; € R ™Wi|i e M},
focal lengths 7; = {f; € R™|i € N}, and tracks 7; [46].
We keep the 25 frames with the highest DG scores if there
are more neighbors than that.

Since each image is part of | ;| local star graphs, we in-
fer overlapping local reconstructions. To merge the over-
lapping tracks across stars, we snap track positions to
SIFT [25] keypoints within a radius 8 = 1px and merge
tracks snapping to the same keypoints. The global set of
merged tracks across all stars is denoted as 7.




For each local star, we further apply a forward-backward
depth consistency check to determine visual overlap. More
specifically, we calculate the one-way reprojection error
€;—; from any image i to j in star S; as

X; = Di(z,y) - (u,0,1)" )
(2',y") " =1I0L;(Ri; X + i) (5)
X; =Dy’ y) - (0, 1)T 6)
(=",y")" = TLi(Ri; X; + tij) (7)
€ig =z 0)" = (", 9") "2 ®)

where (z,y) € R? are pixel image coordinates and
(u,v,1) = 7~ 1(x,y) are normalized coordinates, respec-
tively. For simplicity, [ is omitted in the above equations.
Using a reprojection threshold 7, the raw overlap ratio 6§j
between i and j in star S is defined as
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(z,y)EH; xW;

(i <7) . 9)

To measure transitive co-visibility, we define

o, = max [ &, . (10)
0e0,; ~
(p.q)€0O

where O;; represents all the paths between image ¢ and j in
the fully connected graph on A;. Edges with small oéj are
filtered unless removing them disconnects the view graph.

3.3. Global Motion Averaging

Using global SfM techniques, this stage merges the n in-
dependent local reconstructions into a global one. More
specifically, camera intrinsics, rotations, and centers are es-
timated with intrinsics averaging, rotation averaging, and
similarity averaging, respectively.

First, for intrinsics averaging, we simply calculate the
median of all inferred focal lengths per physical camera.

Next, rotation averaging, also known as rotation syn-
chronization, estimates global camera rotations R; from a
set of relative rotations R;; by optimizing

min > p(of;-d(RLRRD) (D

(i,J)€E

where d is the geodesic error function, p is the Huber loss
as a robustifier, and Rf j is the relative rotation derived from
the locally inferred camera poses in star .5;.

After global rotation averaging, we use similarity aver-
aging [7] to infer camera centers c¢; € R3. Relative camera
translations can be calculated as

tﬁj :sl-Réj(ci—cj) , (12)

where tﬁj is the relative translation from locally inferred
camera poses in star S;. Since relative translations within

local star reconstruction are scale-consistent, only a single
scale s' is needed for each star. Note that this is different
from the original formulation [7], where relative scales be-
tween individual edges are estimated from noisy triangula-
tions, which is more error-prone than our formulation.

The camera centers c; and star scales s; are estimated by

ncnsn Z 0;5-d R tig (ifcj)),sozl (13)

1,(i,5)€S

We discuss an alternative formulation and its relation to
translation averaging in the supplementary material. We ini-
tialize this optimization using the maximum spanning tree,
where the weight of each edge is the overlap ratio ol -

Finally, globally scale-consistent depth maps can be
computed as Di = g%Dﬁ with [Dﬁ as the depth map for im-
age ¢ in 5.

3.4. Augmented Bundle Adjustment

The accuracy of the final reconstruction is improved by a
process referred to as augmented bundle adjustment (BA).
As discussed in Section 2.1, standard BA formulations
are only well-conditioned when there are sufficiently many
tracks 7 with many-view overlap [31]. Due to low-overlap
view configurations, it can be impossible to establish such
tracks even with theoretically perfect matching algorithms.
Furthermore, even with sufficient overlap, low texture may
prevent tracks with enough overlap in practice. In contrast,
multi-view feedforward models can overcome this draw-
back by leveraging sophisticated scene priors to infer accu-
rate relative camera poses and consistent depth maps with
two-view or sometimes with no view overlap at all. We
encode these scene priors by augmenting the standard BA
formulation with virtual tracks as follows.

We form two types of virtual tracks by reprojection of
sampled pixels (x, y) in each star’s center image [ as

Vi =1 (le (Dz(x y) -1 (@, y) — Clm)) (14)

Vi, =1, (R (RlTDl I, ! (z,y) —|—cl) - cm)
(15)
The resulting |\;|-view tracks V = {V} . | m € N1 #
m} and equivalently V are conditioned on the respective
poses from the feedforward local inference and the global
motion averaging results. In contrast to standard feature
tracks, we allow virtual tracks to project outside of neigh-
boring images, and the virtual 3D points may be observed
behind the neighboring cameras. For numerical stability,
we ignore observations coinciding with the imaging plane
during the optimization. Empirically, we chose to sample
~ 100 virtual tracks with a ratio of 10% of tracks being
conditioned on global camera poses. Intuitively, a higher
ratio of tracks conditioned on global poses leads to a BA
result closer to the output of global motion averaging.
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Figure 3. Impact of view graph radius and density. The perfor-
mance of feedforward methods drops with increasing radius and
stays relatively stable with different densities. Our method is more
robust to increasing radius and benefits from higher density.

For the final augmented BA problem, we use three types
of tracks: tracks 7 from the feedforward network, virtual
tracks V and V as described above, as well as classical SIFT
tracks. We use a standard reprojection cost function II over
all images with Huber for SIFT and feedforward tracks, and
with Arctan for virtual tracks as robustifiers. For the snap-
ping of T, we obtain SIFT features as a free side product
and found them to improve reconstruction accuracy. 3D po-
sitions of virtual tracks are known by construction, while
those of the other tracks are obtained by triangulation.

4. Experiments

In this section, we first empirically analyze the behavior of
feedforward methods in terms of the most important struc-
tural properties of a 3D reconstruction problem. We then
compare the performance of classical, feedforward, and our
proposed method in extensive experiments on datasets cov-
ering a wide range of 3D reconstruction challenges. Fig-
ure | summarizes all results.

4.1. Metrics

Throughout all experiments, we follow standard prac-
tice [30, 47, 50] and measure AUC@X (Area Under the re-
call Curve) scores calculated based on pose errors, which is
defined as the maximum of relative rotation and translation
errors between every possible image pair at different angu-
lar error thresholds X . For tighter thresholds, the scores re-
flect accuracy of the reconstruction. For looser thresholds,
they reflect the completeness of the reconstruction.

4.2. Feedforward Graph Analysis

In this experiment, we evaluate the performance of recent
state-of-the-art feedforward methods with VGGT [47], Ma-
pAnything [19] (MA), and 73 [50], as well as the proposed

motion averaging result, in terms of structural scene com-
plexity. To this end, we sample view graphs with vary-
ing radius » = minmax; jez 6(4,7) and density (i.e. the
Fiedler value / algebraic connectivity [14] of the view graph
G, given by \s of its graph Laplacian [6]). For this evalu-
ation, we chose LaMAR [34] as it contains a large number
of sequences covering both indoor and outdoor scenes with
a large variety in terms of view graph properties. The sam-
pling details can be found in the supplementary material.

The view graph radius — defined as the minimum eccen-
tricity among all vertices in a connected graph — is used as
a measure of scene complexity. It determines the minimum
number of passes required to exchange information between
every pair of images in the graph, reflecting the intrinsic
difficulty of the reconstruction problem. We determine the
ground truth view graph for each subsequence by rendering
depth maps from the provided mesh. The results are sum-
marized in the upper part in Figure 3, where we observe
a consistent performance drop with increasing radius, while
73 consistently outperforms VGGT and MapAnything. The
proposed method achieves the best accuracy, especially for
view graphs with a large radius. This is because the pro-
posed method inherits the classical SfM pipeline, thus it is
more stable with increasing graph radius.

The Fiedler value A5 controls the convergence rate of it-
erative optimization on the view graph, including both mo-
tion averaging and bundle adjustment [13]. A lower value
signals weakly connected components, which hinder infor-
mation flow, impede error dissipation, and exacerbate noise
accumulation. To analyze its impact across methods, we
compare the performance on the same segments with dif-
ferent frame sampling rates. A higher sampling rate leads
to sparser inputs. Results are summarized in the lower part
in Figure 3. For lower densities, counterintuitively, the ac-
curacy of pose estimation improves. This difference is es-
pecially observable for VGGT [47] and MapAnything [19].
For higher densities, the performance stays at similar levels,
with a slightly increased variance. This behavior is further
underlined by the results in Tables 2, where performance of
feedforward methods degrades with more input views of the
same scene. Inversely, the proposed method behaves like
other optimization-based pipelines, and the performance in-
creases with the density of input, thanks to the additional
redundancy of observations.

4.3. Comparative Analysis on Real-World Datasets

We conduct experiments on multiple datasets covering a
wide range of challenges: ETH3D [39], IMC2021 [18],
CO3Dv2 [32], SMEREF [11] and LaMAR [34].

We evaluate state-of-the-art methods from both the clas-
sical and feedforward categories. For classical ones, we
chose GLOMAP + SIFT (SIFT), GLOMAP + ALIKED +
LightGlue (AL+LG) as baselines. To rule out the impact of



Table 1.

Results on ETH3D [39].

Results with * are with

groundtruth calibration. GLUEMAP achieves best overall results
while 73 is the best feed-forward method.

Table 2. Results on IMC2021 [18]. The relative performances of
classical and feedforward methods changes with the number input
views, while our method is competitive across all settings.

AUC@ SIFT AL+LG 7° 7°+BA|GLUEMAP' GLUEMAP GLUEMAP*
1 456 429 132 306 20.3 53.0 74.0

3 622 62.1 36.1 55.1 49.0 76.9

5 66.7 674 489 65.1 61.9 83.6

AUC@ CUT3R VGGT MA MAS®3R-SfM MP-SFM* (s) MP-SFM* (d)
1 50 86 5.1 392 SN 703

3 1.4 240 111 55.6 - -

5 188 350 183 60.5 88.3 88.2

image pairs with symmetry, for the classical baselines, we
use the same input view graph using Doppelganger++ [52]
filtering. This removes the potential performance differ-
ences caused by symmetry. For feedforward methods, we
first compare their performance on ETH3D [39] and then
select % as the best performing method for all other exper-
iments. We also include results for 72 with bundle adjust-
ment (7> + BA) and our results after global motion averag-
ing (GLUEMAP?) as additional baselines. We additionally
compare to MP-SFM with both sparse (MP-SFM (s)) and
dense (MP-SFM (d)) tracks on ETH3D and SMERF.

Experiments are conducted on GH200 GPU with 96GB
memory, but our method can fit on the RTX 4090 with
24GB memory.

ETH3D [39] consists of an unordered collection of high-
resolution images of both outdoor and indoor scenes with
millimeter-accuracy groundtruth. We use this dataset to an-
alyze the performance of different methods with a focus
on accuracy. We adopt the same thresholds used in [30]
and the results are summarized in Table 1. To fairly com-
pare with MP-SFM [31], we also report results with ground
truth intrinsics (marked with *). Our method achieves the
highest accuracy in both the calibrated and uncalibrated
settings, with a large performance gap compared to feed-
forward methods. The performance difference to classical
methods is less pronounced. We attribute the slight per-
formance gap to the local robustness provided by the feed-
forward backbone, as well as some scenes exhibiting very
low overlap. Meanwhile, 73 demonstrates a clear perfor-
mance advantage over CUT3R [48], VGGT [9], and Ma-
pAnything [19], supporting the choice of our backbone.

IMC2021 (Image Matching Challenge 2021) [18] fea-
tures unordered internet photo collections of outdoor land-
marks captured by heterogeneous devices under drastic ap-
pearance changes. The biggest challenge are extreme illu-
mination and geometric changes. We used the same thresh-
olds used in [47] and we report the results for different
collections separately in Table 2. From the table, when the
number of images is small, with large appearance changes,
classical methods struggle to establish enough matches, re-
sulting in comparatively low accuracy. However, when
more images from the collection are included, low match-

bag 5 bag 10 bag 25 Full

AUC@ 35 10 3 5 10 3 5 10 3 5 10
SIFT 39.6 473 57.0 50.1 60.9 72.5 84.2

AL+LG 484 58.5 70.6 509 62.2 743 547 64.9 756 62.8 72.4 825
w3 46.2 58.4 73.0 39.7 534 69.7 36.6 51.1 684 352 49.2 66.2
7%+ BA 540 649 77.6 |54.1 653 77.5 57.8 69.1 80.9 458 54.8 65.9
GLUEMAP! 462 584 72.9 39.8 535 69.9 36.7 51.2 68.5 36.7 51.7 69.1
GLUEMAP 63.5 74.0 [844] 73.0 81.3 89.1

Table 3. Results on CO3Dv2 [32]. Ours is on-par with feedfor-
ward approaches while classical ones fall far behind.

10 images 20 images 40 images Average

AUC@ 3 10 30 310 30 3 10 30 3 10 30
SIFT 25.8 36.3 42.1 35.1 474 539 500 659 733 37.0 499 564
AL+LG 20.6 29.2 35.0 40.8 56.1 64.0 529 715 80.7 38.1 522 59.9
w3 48.2 77.1 89.9 464 762 89.2 47.1 76.5 89.3 473 76.6 89.5
7+ BA 78.8 90.1

GLUEMAP!  47.0 76.6 89.5 47.1 76.6 89.3 482 77.1 89.6 47.4 76.8 89.5
GLUEMAP 54.8_ 56.7 79.8 90.3 58.7 80.7 90.7 56.7 79.9 90.4

ing efficiency is compensated for by high density. As a re-
sult, GLOMAP + SIFT achieves the best performance. Our
method remains competitive across different input sizes, in-
heriting the benefits from both categories.

CO3Dv2 [32] features a large set of object-centric
scenes presenting the methods with challenges in terms of
low-texture and low-overlap. Following the practice in
[47, 50], we randomly sample 10 images from each test
sequence, and report AUC scores there. We also sample
at most 10 sequences from each category with 20 and 40
randomly sampled images. Results are summarized in Ta-
ble 3. On sparse sequences, a clear performance gap be-
tween classical and feedforward methods can be seen. For
denser sequences with more images, the gap diminishes.
Our method maintains high performance in both settings.

SMEREF [11] contains four indoor captures covering
multiple rooms. Following the setup in [31], we use it
to evaluate low-overlap scenarios. Results are summarized
in Table 4 and indicate that classical methods largely fail
with low overlap. 72 also does not achieve high scores
because the view-graph radius and symmetry is high for
scenes in this dataset, leading to multiple rooms collaps-
ing in the reconstructions. By using Doppelganger++ fil-
tering, our method can successfully distinguish different
rooms, achieving satisfying results after motion averaging.
And with the help of virtual tracks, the proposed method
improves on the tightest threshold from bundle adjustment
while avoiding significant degradation of reconstruction
completeness, which is captured by AUC@20. Notably,
when compared with MP-SFM [31], which was specifically
targeting at low-overlap scenes, we achieve better accuracy
than the version with sparse tracks. For the dense version of
MP-SEM, it benefits from the dense correspondences and
achieves better scores on the tightest threshold, while we
achieve a similar level of completeness.



Table 4. Results on SMERF [11] benchmark established in MP-
SFM [31]. Results marked with * are with groundtruth calibration.
While both classical and feedforward methods fail, our proposed
method is able to reconstruct scenes with low overlap.

minimal low medium high
AUC@ 1 5 20 1 5 20 1 5 20 1 5 20
SIFT 35 44 54 14 16 18 15 23 31 130 192 232
AL+LG 43 69 98 24 61 98 86 19.1 28.0 28.6 46.8 57.0
73 32 180 51.7 1.5 143 498 13 157 521 09 155 514
7+ BA 3.1 185 54.1 1.5 143 534 1.2 147 522 0.7 125 434

MASt3R-SfM 39 104 180 43 11.7 23.0 5.9 158 28.1 104 229 399
MP-SEM* (s) 9.2 41.0 69.8 54 29.1 53.0 14.0 47.6 729 473 79.3 90.6

MP-SFM* (d) 54.6 77.1
GLUEMAP' 9.8

GLUEMAP 10.1 549 82.0
GLUEMAP*  [10.5 54.8 81.5

T g i

: (a) SIFT

o

(b) AL + LG

5

(c) GLUEMAP

Figure 4. Qualitative reconstruction resuls of different methods on
LaMAR [34]. Our reconstructions are close to the real-world an-
notation, indicating its high accuracy on this challenging dataset.

LaMAR [34] contains 3 large-scale indoor-outdoor
scenes. Each scene has many egocentric sequences with
abundant causal movement and motion blur. It presents the
main challenges of scalability and symmetries while also
exhibiting low-overlap and low-texture scenarios. The
view graph radii for CAB, HGE, and LIN are 49, 61, and
59, which underlines the difficulty of the problem, where
feedforward methods already exhibit a drastic performance
drop even for much smaller radii (c¢f. Figure 3).

Results can be found in Table 5. In this experi-
ment, we only use images captured by phones, as none of
the evaluated methods natively support modeling rig con-
straints. For this dataset, since scenes contain several thou-
sand input views, feedforward methods fail due to out-of-
memory issues. Classical methods, especially GLOMAP
with ALIKED and LightGlue, perform reasonable on LIN,
which is an outdoor-only scene. However, for the HGE and
CAB scenes, classical methods struggle to estimate a good
reconstructions. In contrast, feedforward models provide
good local reconstructions, which serve as a solid founda-

Table 5. Results on LaMAR [34]. Our method outperforms clas-
sical methods by a large margin while others entirely fail due to
out-of-memory (OOM) issues.

CAB (6587) HGE (7553) LIN (9319) Average
AUC@ 3 10 30 3 10 30 3 10 30 3 10 30
SIFT 06 14 28 26 124 333 46 237 488 26 124 283
AL+LG LT 29 62 8.0 31.7 589 237 557 728 109 30.1 46.0
MASBR-SfM  OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
i OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
7+ BA OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM

GLUEMAP! 26 210 612 221 701 893 302 699 839 183 53.7 78.1
GLUEMAP | 45 271 648 373 781 923 373 721 846 264 59.1 806
tion for global motion averaging to obtain accurate global
reconstructions by our method. The accuracy of the pro-
posed method on these datasets was further improved by
BA, highlighting the robustness of the proposed method.
From the qualitative results shown in Figure 4, the recon-
structions from our pipeline align closely with the real-
world annotation, indicating its high accuracy.

4.4. Limitations & Future Work

Our method’s performance critically depends on the qual-
ity of local reconstructions by feedforward methods. For
example, we can currently not handle fisheye images since
the feedforward models are only trained on images taken by
pinhole camera models, while later stages in our pipeline
can theoretically handle them. As newer feedforward mod-
els improve robustness and generality, our method will ben-
efit as well. Furthermore, the formulation currently does
handle purely rotational motion due to our augmented bun-
dle adjustment formulation. Future work on incorporating
(soft) depth priors from the local reconstructions can im-
prove robustness in these situations. Last but not least, our
method currently requires the combination of different feed-
forward methods. An interesting direction for future work
will be in developing a network that can solve the problem
with a shared feedforward architecture.

5. Conclusion

In this work, we systematically analyze the strengths and
weaknesses of both classical and feedforward approaches
to 3D reconstruction. We then present a novel end-to-end
reconstruction system that integrates the advantages of both
categories: Starting with establishing a tentative view graph
and leverages feedforward methods to perform local recon-
structions. Then, global motion averaging merges them to
initialize an augmented bundle adjustment stage to improve
the final accuracy. We extensively evaluate our approach on
diverse datasets encompassing a wide range of real-world
challenges. By combining the local robustness of feedfor-
ward methods with the scalability, accuracy, and global con-
sistency of classical techniques, our system achieves state-
of-the-art performance on a wide range of scenarios. We
note that further evaluation on unordered image collections
with severe appearance changes and transient objects re-
mains an important direction for future work.
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6. Ablations

To understand the contribution of each component, we con-
duct ablation studies along three axes: the track types used
in augmented bundle adjustment, the choice of feedforward
backbone, and the covisibility filtering strategy.

6.1. Augmented Bundle Adjustment

Augmented bundle adjustment (A-BA) is ablated in Ta-
ble 6, where all variants start from the same results after
motion averaging. Three types of tracks are considered:
SIFT tracks from classical feature matching, deep tracks
(DT) obtained from VGGSfM [46] inference, and virtual
tracks (VT) synthesized by reprojecting sampled rays across
neighboring views. On ETH3D [39], SIFT tracks contribute
most to accuracy at tight thresholds, confirming their pre-
cision for well-textured scenes. On SMEREF [11], virtual
tracks are essential for preventing drift across rooms with
minimal overlap, while deep tracks provide complementary
robustness under strong appearance changes, particularly
for indoor scenes.

Table 6. Ablation results for Augmented Bundle Adjustment.

AUC@ ETH3D SMERF (minimal) SMEREF (low)
Components 1 3 5 1 5 20 1 5 20
DT SIFT VT 52.6 76.6 83.3 54.5
DT VT 454 723 802 9.7 82.0 143 70.6 92.1
SIFT VT 46.6 72.8 80.5 9.2 82.0 125 70.0 92.0
DT SIFT 548 7777 840 7.2 32.6 68.3 99 472 795
DT 47.0 72.7 80.4 55 30.7 660 7.7 41.0 75.7

SIFT BSSITSENEAT s> 342 687 46 317 714

6.2. Different Backbones

End-to-end results with different feedforward backbones
are shown in Table 7. Among the tested backbones, 3
achieves the best overall performance, owing to its higher
accuracy in local multi-view estimation. Importantly, our
proposed pipeline generalizes across all backbones: mo-
tion averaging (init) and A-BA each provide consistent im-
provements over their respective baselines, regardless of the
underlying feedforward model. This demonstrates that the
gains from our global optimization are complementary to
the local estimation quality.

6.3. Covisibility Filtering

An ablation of our two filtering steps can be found in Ta-
ble 8, where DG stands for Doppelgangers++ and VO for
visual overlap ratio. The results of all reported variants are

Table 7. Ablation on different choices of backbones.

ETH3D SMERF (minimal) SMEREF (low)
AUC@G 1 3 5 1 5 20 1 5 20
s 132 361 489 32 180 517 15 143 498
VGGT 86 240 350 28 60 221 14 60 282
MA 51 111 183 30 145 427 17 177 561
7 (init) 20.3 49.0 619 [9.8 |55I5I82BN 129 702 921
VGGT (init) 158 383 505 67 454 767 113 599 873
MA (init) 53 123 197 42 337 705 32 39.7 787
7 (A-BA) 53.1 9971 545 81.6
VGGT (A-BA) 769 833 72 456 764 120 602 872
MA (A-BA) 175 456 593 44 316 696 34 393 783

after motion averaging. On ETH3D, filtering with Doppel-
gangers++ is sufficient for achieving high accuracy, while
for more complex scenes, such as SMEREF, it is essential to
use our proposed visual overlap ratio filtering and weighting
in the optimization.

Table 8. Ablation results for covisibility filtering.

ETH3D SMERF (minimal) SMEREF (low)
AUC@ 1 3 5 1 5 20 1 5 20

DG+VO [208] 490 619 (9815558241 (129702921
DG 20.2 9.4 527 78.1 122 69.8 92.0

VO 13.5 37.0 499 32 172 46.8 1.8 13.6 323

7. Alternative System Designs

7.1. Different Radius for Local Estimation

The proposed method fixes the radius to 1 for local esti-
mation, which maximizes the overlap between neighboring
views within each star graph. Increasing the radius is not
straightforward: it would require a graph expansion step,
and feedforward tracking only works when frames pairs
have visual overlap. Moreover, a larger radius increases
computational cost and degrades local inference quality, as
demonstrated in the main paper. We therefore rely on clas-
sical optimization to propagate consistency over large dis-
tances in the graph. For sequential inputs with high sam-
pling rates or images captured from similar viewpoints,
radius-1 stars may provide redundant coverage. We leave
the exploration of adaptive or larger graph radii as future
work.

7.2. Alternative Similarity Averaging Formulation

The similarity averaging problem in Eq. 13 can also be re-
formulated as

I?(cli}’l Z 035 -d (gl . R;;tij -

L (ci—¢j)), S50=1 (16)
1,(i,5)€S8;



This formulation results in a convex optimization problem
when d is convex. However, the error can be large and scale
variant, while Eq. 13 is more constrained when the scale
of each star is normalized. This is similar to the compara-
tive advantage of BATA [57] over LUD [29] in translation
averaging.

8. Runtime

Component-level runtime statistics are summarized in Ta-
ble 9 and Table 10. All experiments are conducted on
an Neoverse-V2 CPU with 856 GB RAM and an NVIDIA
GH200 GPU with 96 GB memory. A batch refers to an im-
age pair or a star. Because the number of retrieved pairs and
the maximum number of neighbors per image are fixed, the
runtime of Doppelgangers++ [52] and local inference (star
reconstruction and tracking) scales linearly with the number
of images. The global motion averaging and A-BA steps
are comparatively inexpensive, especially when the number
of images is small. If lower accuracy is acceptable for a
downstream application, tracking and A-BA can be skipped
entirely, significantly reducing the overall computation.

Table 9. Runtime (in seconds) of batch inference across datasets.

Two View [52]
Percentile @ 50 90
Per batch 1.20  1.23

Star [50]  Tracking [46]
50 90 50 90
0.31 0.77 1.27 1.81

Table 10. Runtime (in seconds) for the global refinement

Motion Averaging Augmented Bundle Adjustment

Percentile @ 50 90 50 90
ETH3D 0.28 1.02 95.58 294.92
CO3D 0.09 0.42 8.58 45.92
IMC2021 0.07 0.35 491 28.64
SMERF 1.18 3.13 255.37 1142.33
LaMAR 177.5 280.00 19505.91 22578.51

9. Sampling Method for Analysis

We consider all sequences in the LaMAR [34] dataset.

For each sequence, we select a random center frame every

200 images. Around each center frame, we extract subse-

quences at multiple temporal densities:

* Consecutive sampling (high density): subsequences of
length 4, 8, 16, 32, 64, and 128 frames.

e Sampling every 2 frames (medium density):
quences of 4, 8, 16, 32, and 64 frames.

* Sampling every 4 frames (low density): subsequences of
4,8, 16, and 32 frames.

subse-

For example, from a 64-frame window, sampling at inter-
vals of 2 or 4 yields subsequences of length 32 or 16, re-
spectively. These subsequences observe the same scene but
at different spatial-temporal densities.

The provided ground truth mesh is used to render depth
maps, where sequences with inconsistent depths are dis-
carded (=~ 11.7%). The remaining sequences form the com-
plete sample set.

10. Track Mixing Strategy

The three source of tracks, namely SIFT, feedforward
tracks, and virtual tracks, are combined through a priority-
based mixing strategy before being passed to the final bun-
dle adjustment. The goal is to ensure that every image pair
receives sufficient constraints while prioritizing SIFT tracks
which have the highest accuracy and avoiding redundant
tracks on pairs that are already well covered.

Concretely, we first include all SIFT tracks uncondition-
ally. Next, we iterate over the deep tracks produced by
the feedforward network. For each deep track, we check
whether any image pair it spans is undercovered, which we
define as having fewer than 512 existing matches. If at least
one such under-covered pair exists, the deep track is added
to the track set; otherwise it is discarded. Finally, the same
procedure is applied to virtual tracks.

11. More Visualizations

To demonstrate the concrete challenges faced by Structure-
from-Motion, we provide further visual examples.

In symmetric scenes, feedforward methods often have
difficulty distinguishing visually similar structures, result-
ing in collapsed reconstructions where distinct parts of the
scene are incorrectly merged. One such example with four-
way symmetry can be found in Figure 5. By leveraging
Doppelgangers++ [52] to filter non-covisible pairs, our pro-
posed method can reliably distinguish between the different
facades and produce a correct reconstruction.

Examples from the SMERF [ 1 1] benchmark as proposed
by MP-SFM [31] can be found in Figure 6 and Figure 7.
This benchmark is established by selecting a sparse subset
of images from dense indoor captures, resulting in minimal
to no multi-view overlap between consecutive frames, often
compounded by low texture. The multi-room layout fur-
ther introduces symmetry challenges, as structurally similar
rooms can easily be confused. Fueled by feedforward meth-
ods for local reconstructions, our proposed method success-
fully reconstructs scenes even under minimal overlap, while
maintaining high accuracy when overlap is abundant. In
contrast, purely feedforward models struggle to distinguish
visually similar rooms (e.g., Berlin and London) and ex-
hibit drastic scale drift across rooms. Furthermore, under
low overlap, 3 [50] lacks sufficient multi-view correspon-



dences for bundle adjustment to be effective; in these cases,
BA may fail to improve accuracy or even degrade it by over-
fitting to noisy observations. Consequently, 72 achieves low
scores even on scenes with high image density.

12. Detailed results

In this section, we provide per-scene and per-category
breakdowns for ETH3D [39], CO3DV2 [32], and
IMC2021 [18].

For ETH3D [39], per-scene results can be found in
Table 11. ETH3D features high-resolution images with
millimeter-accurate ground truth across diverse indoor and
outdoor environments. The proposed method achieves the
highest accuracy overall, benefiting from both the robust-
ness of feedforward local estimation and the precision of
classical global optimization.

For CO3D [32], per-category results can be found in Ta-
bles 12, 13, and 14. CO3D consists of object-centric video
sequences that often exhibit low texture and limited multi-
view overlap. With 10 images (Table 12), 7% with bun-
dle adjustment generally achieves higher accuracy than our
method, as the feedforward model can observe nearly the
entire scene in a single pass, reducing the need for global
optimization. With 20 and 40 images, the proposed method
matches or slightly exceeds 7 + BA, as the larger scene
coverage benefits from our global consistency enforcement.

For IMC2021 [18], per-scene results can be found in Ta-
ble 15. IMC2021 consists of unordered internet photo col-
lections with significant illumination and viewpoint vari-
ation. With only 5 images, 72 + BA is slightly more
accurate than the proposed method, though both signifi-
cantly outperform classical methods that struggle with in-
sufficient feature matches. With 10 images, the proposed
method achieves the best accuracy among both classical
and feedforward approaches. With 25 and full images,
GLOMAP with SIFT features achieves the best accuracy as
the denser sampling provides sufficient classical correspon-
dences, while the proposed method remains competitive.
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bridge
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3 Ground Truth

Figure 5. With the help of Doppelganger++ [52], our proposed method works well on scenes with high symmetry in ETH3D [39]. The
result of feedforward methods like 72 [50] collapses.

Table 11. Detailed results on ETH3D [39].

Results marked with * are with ground truth calibration.

AUC@l1 AUC@3 AUC@5
SIFT AL+LG 3 w34BA GLUEMAP" GLUEMAP  GLUEMAP* SIFT AL+LG 3 w34BA GLUEMAP" GLUEMAP  GLUEMAP* SIFT AL+LG 3 w34BA GLUEMAP* GLUEMAP  GLUEMAP*

botanical garden  58.7 594 7.3 3.5 117 593 845(84.8 21.1 6.6 499 | 848 90.6 90.7 283 148 669 90.8
boulders 38 40 170 423 188 [476 39 57 526 701 557 795 42 82 676 789 711 | 871
bridge 740 732 14 13 344 744 90.9 904 33 113 713 910 945 942 45 254 820 946
courtyard 207 459 160 40.5 323 528 422 764 514 736 69.1 | 821 456 85.4 664 837 811 | 893
delivery.area 199 [47.8' 67 94 280 439 255699 32.7 344 603 689 27.1[750 47.9 47.5 689 747
door 79.6 70.7 21.9 47.8 21.8 802 90.5 87.5 46.2 787 46.1 [ 90.7 92.7 909 64.7 856 646 | 928
electro 473 444 96 128 182 508 736 67.2 39.8 442 511 755 812 73.8 56.5 60.3 642 826
exhibition hall 252 87 1.6 15 37 | 269 655 286 22 19 295 670 777 387 32 26 417 7187
facade 714 68.8 197 21.7 218 704 88.7 87.8 51.8 537 57.9 | 887 93.0 925 65.5 67.4 727 | 93.1
kicker 54.1 552 348606 366 566 77.1 816 71.7/852 716 827 832 88.4 81.7/909 816 89.1
lectureroom  44.5 583 18.0 49.9 424 557 62.8 802 51.0 763 750 79.1 710 872 66.5 84.2 843 864
living room 703 50.8 147 168 29.1 662 884 66.8 482 50.1 669 86.7 92.7 70.7 642 649 781 916
lounge 340 28.1 203 340 189 [37.1 38.0 36.0 568 6681 379 47.0 38.8 37.6 28 [6Hl 446 49.9
meadow 161 33.1 29.1 426 242 432 310 757 69.1 748 656 |76 35.1 85.2 802 84.2 782 | 859
observatory 430 212 55 334 94 428 745 262 17.8 642 27.1 744 840/ 27.2 30.1 762 43.1 840
office 243 219 80 251 87 247 42.6 369 184 41.6 206 414 512 447 262515 276 49.0
old computer 129310 2.1 180 233 296 18.1 652 112 548 59.8 | 658 19.7 77.6 260 69.2 737 [78.1
pipes 352 526 10.9 517 12.1 [529 419 813 328 80.8 370 819 437 885 469 88.1 512 887
playground 674 554 43 237 92 680 88.2 83.1 16.1 53.0 386 886 92.9 89.6 268 669 539  93.1
relief 449 87 43 45 51 605 599 113 17.1 120 228 857 634 119 364 260 375 913
relief 2 328 125 58 38 85 373 449 139 182 13.6 269 47.5 142 29.1 243 425

statue 674 644 99 609 97 669 89.1 88.1 19.2 87.0 19.6 935 929 323 922 323
terrace 553 47.7 107 50.6 27.7 [ 60.5 84.8 81.3 51.0 80.8 69.8 90.9 88.8 63.1 882 80.8
terrace 2 846 824 433 649 430 837 942 933 684 84.1 68.1 96,5 96.1 784 90.4 782
terrains [#43 263 75 [428 84 336 367 [53.8 340 349 [F8N] 27.9 559 360 52.7 |86l 41.6
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Figure 6. Our proposed method works well from minimal to high overlap on SMERF [11] using the benchmark setup by MP-SFM [31].
The AUC scores at 1/5/20 degrees are shown below the image. Our proposed method works well even under minimal overlap, while
72 [50] has difficulty in generating accurate reconstructions.
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Figure 7. Continuation of Figure 6.



Table 12. Results per-category on CO3D [32] with 10 images per scene. The proposed method is on par with 7 + BA.

AUC@3 AUC@10 AUC@30

SIFT  AL+LG =3  x3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3 734BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAP! GLUEMAP
apple (10) 260 227 499 476 |574 349 302 787 [§2B8] 77.8 [812 39.6 350 90.8 [O6] 902 913
backpack (10) 28.6 22.2 49.8 473 56.1 414 32.6 79.8 81.8 79.0 48.1 38.8 92.3 92.7 92.1
banana (10) 30.7 19.1 42.6 41.0  53.8 44.0 27.3 73.2- 722 51.5 32.7 87.1 86.8 | 88.1
baseballbat (10) 26.8 18.8 37.5 344 480 413 274 68.3 73.0 67.7 50.6 35.0 84.7 84.1 | 86.0
baseballglove (10) 33.6 25.0 43.5/55.8 43.7 - 459 36.6 72.6 7712 1729 52.6 43.1 85.0 86.7 85.1
bench (10) 26.9 23.6 69.2 68.4 760 32.7 294 90.0- 89.7 35.3 32.6 96.6 96.5 974
bicycle (10) 29.8 244 572 57.0 65.0 395 335 844 87.1 845 439 38.6 942 95.1 944
bottle (10) 28.3 16.3 50.6 479 562 40.1 22.3 782800 77.7 453 26.6 90.0 90.1 ' 91.1
bowl (10) 252 11.2 44.0 41.1 474 405 14.1 75.5- 73.9 47.6 17.6 88.5 87.0 87.8
broccoli (10) 252 17.7 389 483 375 36.8 25.8 71.3 /752 71.0 43.8 32.0 88.4 873 878
cake (10) 21.7 18.5 40.8 /51.0 409 31.6 27.0 71.0 75.0 724 38.2 33.8 86.6 88.1 88.1
car (10) 224 24.0 60.7 603 624 28.2 294 834 81.5 84.0 31.4 339 922 90.6 | 924
carrot (10) 25.8 19.9 394 443 385 39.1 30.7 72.572.7 720 47.3 38.6 88.8 88.4 88.5

cellphone (10) 21.6 19.2 33.6 342 1391 339 287 62.8 63.7 62.3 43.2 35.1 794 784 789

chair (10) 27.8 21.1 59.3 56.8 622 36.8 28.8 85. |8 84.8 41.8 333 949 947 1952
cup (10) 20.0 23.8 483 46.1 535 277 328 745 757 735 316 37.7 853 863
donut (10) 253 18.5 39.1 46.3 37.5 489N 388 26.6 758 771 734 453 329 91.2 914 904

hairdryer (10) 23.9 20.5 50.1 490 589 329 30.5 80.9 80.4 37.7 363 929 | 94.2
handbag (10) 224 20.1 46.1 43.0 503 30.1 29.1 75.9 743 718 353 356 89.2 | 90.7
hydrant (10) 324 21.1 61.7 59.8 617 426 267 86.7 862 879 4658 30.0 950  95.1
keyboard (10) 26.1 22.1 39.7 482 385 [MOION 39.2 315 69.6 69.5 47.1 375 853 864
laptop (10) 29.0 26.1 45.5 5318 44.5 513 422 37.5(72:6 72.1 50.5 44.7 86.7 | 87.0
microwave (10) 186 28.5 48.0 49.9 50.1 NS08 22.4 36.4 740 73.2 26.3 42.0 857 85.5
motorcycle (10)  24.3 253 63.7 61.5 ~69.1 31.7 348 882893 35.5 39.2 96.0 963 95.8

mouse (10) 27.1 17.5 422 388 473 388 27.1 763 45.0 337 91.5[929] 90.7 920
orange (10) 232 202 429 425 490 33.6 289738 732 73.6 39.6 33.6 882 86.8 87.7

parkingmeter (10)  30.5 26.359:9 51.8 59.4 44.3 383 83.8 510 44.9 913 938 928
pizza (10) 36.0 17.6 36.4 530 38.6 - 52.6 28.3 69.8 744 624 334 865 852 85.6
plant (10) 30.0 167 527 [646] 512 599 403 227 823 856 443 26.1 939 946 939

stopsign (10) 187 20.6 42.5 428 39.6 [M6I6N 27.4 29.9 760 779 327 358915 87.4 90.8

teddybear (10) 259 26.8 53.1 507 577 342 37.0 811 79.9 W82EN 39.1 42.6 92.4 92.8 92.0

toaster (10) 209 17.4 574 552 609 28.1 24.8 84.9 840 | 86.5 32.0 30.1 9438 94.5 | 95.4
toilet (10) 28.3 31.6 39.0 41.7 39.9 41.5 48.6 65.8 66.1 65.5 516 613819 813 81.4
toybus (10) 229 184 488 511 472 - 32.5 27.1 [714 740 763 37.4 32.8 89.0 87.4 888

toyplane (10) 29.1 23.1 44.0 449 534 401 345 725 736 726 46.7 41.5 86.0 869 873
toytrain (10) 17.5 14.1 44.4 4.8 487 216 21.2 74.3 [I06] 753 23.9 25.8 87.9 884
toytruck (10) 17.1 21.0 41.9 434 393 247 29.5 /721 712 70.6 28.7 34.4 87.4 87.1 | 878
v (10) 36.3 16.8 50.6 53.4 51.0 - 540 22.5 80.7 821 81.1 60.4 38.7 92.7 | 934
umbrella (10) 316 203 57.1 541 627 435 29.5 84.8 |8 83.9 48.9 34.6 944 954
vase (10) 219 149 525 509 570 305 199 822 82.6 813 35.1 23.8 (938 93.1 934

wineglass (10) 189 13.1 51.0 512 561 265 167 77.3 {90 77.0 313 20.4 88.0 [88M 87.5 879




Table 13. Results per-category on CO3D [32] with 20 images per scene. The proposed method is on par with 7° + BA.

AUC@3 AUC@10 AUC@30

SIFT  AL+LG =3  x3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAP! GLUEMAP
apple (20) 324 53.1 55.8 585 641 399 68.3 829 854 864 44.0 76.0 94.0 949 94.1
apple (20) 324 53.1 52.867.0 574 39.9 683 81.1 87.3 839 44.0 76.0 93.2. 942 1 95.6
backpack (20) 310 385 44.9 53.6 46.4 - 44.5 58.6 76.6 79.0 784 534 725 91.3 91.2 92.1 924
banana (20) 494 52.6 49.0- 49.0 619 639 65.7 77.3 774 815 73.6 72.8 894 89.5 915
baseballbat (20) 27.1 393 35.1 48.8 339 43.5 552 66.7 664 714 539 66.7 81.7 81.6 825
baseballglove (20) 47.0 47.3 39.8 41.8 585 559 60.9 67.0 67.8 748 614 67.4 79.8 79.6  83.1
bench (20) 30.7 51.3 71.0 67.0 @ 76.6 383 63.7 90.9 89.6 92.6 41.1 67.6 96.9 96.5 975
bicycle (20) 45.0 57.4 49.6 552 1 665 583 76.5 79.6 82.0 86.0 635 83.6 913 924  93.6
bottle (20) 35.9 21.7 437 40.8 482 50.2 31.7 77.2 76.7 787 56.1 36.5 919 91.8 924
bowl (20) 439 17.7 38.1 322 436 66.6 284 735 71.0 748 759 34.3 86.5 85.8  87.0
broccoli (20) 35.6 28.4 38.2 36.7 469 463 414 720 69.4 7277 509 48.3 89.1 85.0 85.7
cake (20) 334 46.6 41.4 434 524 454 65.6 70.2 754 73.7 529 73.4 88.2 90.1 89.6
car (20) 220 445 52.8 57.2 550 [SOM 31.9 61.2 79.2 79.3 [ 8l.1 - 39.1 72.8 91.2 91.1 91.8 -
carrot (20) 31.5 36.5 51.0 489 603 42.0 50.1 82.1 80.6 843 475 553 937 933  94.1
cellphone (20) 18.1 23.6 243 27.0 332 29.7 39.6 49.9 51.1 533 400 51.5 66.2. 66.8 | 679
chair (20) 419 58.0 64.0 632 774 509 68.6 88.1 879 1924 559 733 958 97.1 958
cup (20) 29.8 27.3 46.8 473 556 41.0 424 78.1 78.7 813 454 52.4 912 91.6 1 924
donut (20) 31.9 38.8 38.2 404 545 439 56.5 76.3 775 80.8 51.0 649 91.7 922 929
hairdryer (20) 31.7 433 413 434 550 46.5 67.6 71.6 772 839 546 77.8 919 91.7 942
handbag (20) 27.3 29.7 36.2 36.1 441 39.1 449 69.2 684 732 474 53.4 86.2 86.1  87.8
hydrant (20) 53.8 58.8 63.1 63.1 (763 659 69.7 87.4 91.8 87.6 WOZON 70.0 73.9 953 97.0 956 ROT2N
keyboard (20) 26.9 34.6 38.2/50.6 43.6 - 38.8 48.9 68.2 70.1  73.7 43.5 559 83.1 83.5 | 84.7
laptop (20) 46.4 46.2 50.0 515 604 569 64.1 77.7. 789 814 64.0 743 91.1 . 91.6 915
microwave (20) 30.2 43.3 43.1 50.3 552 392 564 759803 80.1 - 48.9 632 90.9 92.0 92.5
motorcycle (20) 48.8 65.5 67.6 66.8 769 573 79.3 89.7 89.5 92,6 60.0 84.2 96.5 96.4
mouse (20) 31.6 39.7 43.6 403 549 439 554 80.0 774 827 49.5 63.1 929 92.1
orange (20) 34.8 32.2 37.8 412 515 56.0 443 75.1 763  80.3 64.8 49.3 91.0 91.7
parkingmeter (20) 484 44.1 58.8 60.1 56.1 646N 68.4 659853 842 84.1 862N 76.2 74.2 94.4
pizza (20) 34.2 36.6 28.4 335 462 523 51.8 63.0 654 695 632 59.8 84.6 853 83.7
plant (20) 52.3 50.4 61.0 612 712 66.1 657 87.0 87.1 904N 70.8 723956 95.6
stopsign (20) 243 359 47.6 425 500 36.0 52.0 81.3 784 79.6 412 61.1 934 92.6
teddybear (20) 29.8 46.2 56.0 50.2 582 40.1 639 84.7 829 856 444 728 94.6 94.0
toaster (20) 29.3 46.3 57.1 585 674 382 619 85.6 864 894 41.6 68.8 95.1 95.4
toilet (20) 33.1 33.2 31.7 341 390 440 47.6 57.1 57.6 593 527 57.0 71.8 724 723
toybus (20) 29.0 343 41.1 42.8 50.1 37.8 47.6 69.4 722 70.1 - 43.4 56.7 82.2 82.8 82.7
toyplane (20) 32.1 32.7 394 399 472 46.7 50.6 66.5- 66.7 685 54.7 61.0 80.4- 79.0
toytrain (20) 22.3 34.4 404 48.6 41.6 29.9 50.0 68.9 732 71.0 - 34.0 57.5 81.6/85.1 84.0
toytruck (20) 18.8 31.2 279 272 342 293 445 60.7- 59.8 623 38.1 54.7 83.8 83.0
tv (20) 479 425 49.0 555 50.3 642 64.0 81.0 83.1 81.6 - 70.6 79.3 9351939 93.6
umbrella (20) 51.2 553 61.0 73.5 643 - 64.6 67.2 86.5 88.0 1 90.6 704 713 953 95.8
vase (20) 38.0 38.3 553 559 66.6 48.0 53.8 83.5 839 87.0 52.0 60.4 944 94.5
wineglass (20) 30.0 35.1 47.4. 51.5 541 414 485 758 782 785 46.1 53.5 88.4 89.3 89.1




Table 14. Results per-category on CO3D [32] with 40 images per scene. The proposed method is on par with 7 + BA.

AUC@3 AUC@10 AUC@30

SIFT  AL+LG =3  x3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3 734BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAP! GLUEMAP
apple (40) 58.6 63.3 53.5/68.9 58.5 70.2 79.6 80.9 87.2 84.1 75.1 85.7 92.7
backpack (40) 46.9 47.8 434 544 514 66.4 753 76.2 78.8 77.1 899 91.2 91.2 92.6
banana (40) 59.0 63.7 47.8 65.0 51.2 74.0 81.5 77.1 82.6 81.8 90.7 89.6 91.8
baseballbat (40) 46.6 45.0 37.0- 36.0 S51.1 673 61.5 67.2 673 714 784 775 82.1 82.6
baseballglove (40) [63H 51.6 40.3 592 406 554 [6M 658 673 752 66.1 739 832 732 80.9 837 80.0 |84
bench (40) 62.0 78.4 69.7 71.0 ~ 80.7 74.3 89.0 90.3 909 938 784 922 96.7 969 979
bicycle (40) 55.0 65.3 56.5 568 662 73.5[B6M 83.1 859 835 860 80.4 [0H] 932 938 934 042
bottle (40) 32.3 37.8 435 432 520 42.6 56.1 77.6 78.0 46.8 64.7 91.8 922 929
bowl (40) 498 22.4 37.0 316 463 736 342 732 717 - 83.6 413 86.6 87.6 86.5 [STIN
broccoli (40) 44.6 559 38.8 545 39.0 57.5 732 72.1 722 770 62.5 83.9 89.0 87.6 884
cake (40) 514 541 41.1[544 419 714 [OF 69.7 753 73.0 - 81.6 [OI5] 87.1 89.8 839 [PISH
car (40) 38.9-51.8 58.8 554 609 51.6 80.5 77.6 81.1 79.6 58.8 190.2 88.9 89.6  89.7
carrot (40) 43.6 58.8 52.1 512 633 579 735 823 81.8 857 644 79.1 93.8 93.7 947
cellphone (40) 29.2 30.2 23.0. 253 322 485 483 495 50.5 532 61.3 60.6 65.9 66.1 = 67.9
chair (40) 68.1 69.5 659 79.7 68.7 81.1 85.3 88.9/92.8 89.8 854 92.0 96.1 97.2 96.5 -
cup (40) 46.2 44.7 47.5 47.1 551 614 653 79.1 79.5 8l.6 669 779 91.8 923 927
donut (40) 49.3 52.8 39.5 43.1 542 733 774 774 79.1  81.2 85.0 88.6 91.9 92.6 1 93.0
hairdryer (40) 50.9 55.7 42.0 4577 545 70.0 80.0 78.3 798 84.0 77.3 91.6 92.1 92.8 943
handbag (40) 36.4 40.2 36.3 362 456 51.7 60.5 69.6 704  73.8 60.7 71.8 86.8 87.9
hydrant (40) 713 68.0 64.7 78.0 66.2 85.5 79.4 88.1 192.1 88.9 - 90.7 83.7 958 97.2 96.1
keyboard (40) 39.5 44.0 42.5- 428 < 50.8 56.9 64.1 70.6 70.6 733 64.8 75.1 84.1 84.0
laptop (40) 56.4 59.6 49.1 62.0 53.6 72.5 78.8 77.1 81.7 79.4 81.5 88.8 90.6 91.7
microwave (40) 452 509 464 479 58.1 55.8 65.2 783 81.6 79.2 - 62.1 72.8 91.9/92.6 924
motorcycle (40)  75.2 [81.3 68.7 69.2 811 877 938 90.0 0421 903 939 91.897.8 96.6 [979| 96.7
mouse (40) 56.6 553 435 379 1 60.7 73.1 72.7 79.2 85.1 77.0 80.4 81.0 92.7 944 920
orange (40) 37.8 41.3 399 435 531 582 66.2 76.1 81.7 78.5 66.7 79.5 914 92.3
parkingmeter (40) [66.1 66.1 59.2 63.7 57.2 [J67:60 83.6 83.4[857 850 83.6 90.5 90.4 949 94.1 942
pizza (40) 474 453 29.7 3277 448 70.6 65.6 644 652 70.1 83.3 759 85.1 85.0
plant (40) 67.1 66.0 58.3 60.0 748 80.7 82.8 86.2 863 914 853 88.1 953 95.3
stopsign (40) 48.6 55.5 47.7 41.1  57.2 725 80.1 814 76.2  83.8 82.7 88.8 93.5 91.8
teddybear (40) 46.2 47.2 56.6 52.3 581 634 65.1 84.7 83.6 855 72.1 76.8 94.6 94.2
toaster (40) 432 652 609 71.6 61.1 54.8 81.0 86.8 90.5 87.2 58.8 86.4 954 96.8 95.6
toilet (40) 39.5 35.5 29.7 31.8 376 523 543 547 557 573 61.1 654 69.7 70.0 d
toybus (40) 46.1 51.7 42.8 43.1  50.1 57.9 70.7 69.8 694 720 639 81.0 824 82.4 -
toyplane (40) 44.6 439 373 394 493 609 649 659 66.7  69.0 69.8 75.5 80.8 79.8 789
toytrain (40) 35.6 47.8 41.1 433 523 47.1 70.2 70.0 75.1 73.1 52.5 80.8 83.7 86.0 86.3 -
toytruck (40) 31.9 358 26.5 26.7 359 494 546 622 63.0 60.3 - 59.0 65.2 84.2 833 83.6
tv (40) 514 490 515 57.8 532 [S82N 67.0 76.1 81.6 824 836 731 87.6 935 938 9421
umbrella (40) 68.4 57.6 62.7 652 733 832 71.1 86.6 87.9 1 90.2 88.6 79.1 952 95.7  96.5
vase (40) 57.2 56.8 57.3 572 664 712 73.8 83.3 84.1 87.1 77.8 81.0 942 94.6  95.6
wineglass (40) 43.3 459 50.2 55,5 582 563 63.3 77.1 80.5 812 612 70.3 89.0 90.4 90.4 -




Table 15. Per-dataset results on IMC2021 [18].

AUC@3 AUC@5 AUC@10
SIFT  AL+LG 7«3  «3+BA GLUEMAPT GLUEMAP SIFT  AL{LG =3  m3+BA GLUEMAPT GLUEMAP SIFT  AL+LG 73  n3+BA GLUEMAPT GLUEMAP

Bag5s
british_museum 31.6 [41.5 40.9 409 397 386 520527 523 50.2  51.0 66.4 67.8 67.7 65.1
florence_cathedral side ~ 58.1 61.4 57.5 577 [ 617 671.5 71.6 70.0 70.1 772 77.8 81.8 824 86.782!_
lincoln_memorial_statue ~ 40.6 52.5 61.1 61.1 | 68.1 483 622 73.8 738 | 789 574 719 856 856 888
london_bridge 34.9 51.2 42.0 41.8 419 62.5 54.7 543 645 50.6/752 71.9 71.6
milan_cathedral 41.3 413 402 434 40.1 51.2 522 53.1 55.1 53.0 63.7 673 69.8 70.5 69.6
mount_rushmore 30.1 31.9 32.7 429 327 35.2 382 40.5 526 40.5 42.6 48.1 53.8 53.7 | 65.8
piazza_san_marco 27.1 46.7 52.6 542 532 30.9 562 65.7 65.3 [ 66.2 35.7 67.7/79.8 78.0 79.8
sagrada_familia 47.4 55.1 38.8 [6010] 38.6 57.0 66.4 512 510 694 67.8 78.5 66.7 66.5 815
st_pauls_cathedral 454 542 50.1 543 50.1 54.8 655 64.0 66.1 63.8 [6OZN ©6.1 782 78.9 79.3 78.8 814N

Bag 10
british_museum 35.8 @212 35.9 [40.7 359 473 [5I8] 49.8 52.8 49.8 [ 542 63.0 0] 67.2 69.3 67.1 | 70.1
florence_cathedral_side  [72.6 66.7 50.2 71.6 50.1 81.1 76.8 64.0 80.2 64.0 88.9 85.7 784 87.8 78.4
lincoln_memorial_statue  61.0 62.2 57.0 [74.1] 57.3 72.0 73.2 71.3[83.0 715 82.1 82.9 84.4/90.4 845
london_bridge 4885441 29.8 53.8 29.8 58.6 659/ 44.1 655 44.2 68.1 76.7 63.6 71.3 643
milan_cathedral 41.1 354 335 367 334 54.5 48.1 47.6 49.6 475 70.7 649 659 66.0 65.8
mount_rushmore 33.2 283 243362 24.4 42.0 36.7 32.9 47.1 329 54.3 493 47.8 62.1 47.8
piazza_san_marco 433 495 474 47.6 52.8 61.3 62.0 69.8 62.1 63.0 73.1 77.6 81.5 77.7
sagrada_familia 56.8 [60.7 35.8 60.1 35.9 68.8 71.8 502720 50.4 80.7 82.3 67.5 832 67.6
st_pauls_cathedral 58.5/58.9 43.2 553 434 70.6 (7131 58.6 67.5 58.9 81.882:8 754 80.0 755

Bag 25
british_museum 414 313 409 313 [ 419 55.0 46.1 54.1 46.1 | 55.1 716 645 708 645 71.1
florence_cathedral side 69.6 47.1 73.3 472 | 75.1 773 61.6 81.7 61.7  83.1 84.6 76.8 89.2 76.8 | 90.1
lincoln_memorial statue  78.5 58.7 56.3 [80.6 56.5 85.5 66.7 70.9[87.9 71.0 91.2 745 84.3/938 843 [o44N
london_bridge 59.3 269 51.0 267  62.8 68.6 427 63.1 43.0 728 77.1 63.1 754 640 82.0
milan_cathedral 49.6 42.7 27.6 388 275 62.7 56.0 42.5 522 424 77.1 718 62.4 693 623 [8L2)
mount_rushmore [534131.5 21.0 43.6 210 526 40.5 30.3 55.9 303 | 64.6 529 46.7 71.0 46.7 | 78.1
piazza_san_marco 66.4 56.6 45.2 452 588 1762 67.6 60.3 604 720 (850 77.9 76.6 76.7 844
sagrada_familia 66.7 34.2 69.6 343 | 71.8 76.5 48.8 80.0 489 | 81.0 85.6 66.8 89.1 669 | 89.4
st_pauls_cathedral 69.0 654 40.0 559 403 [FI2Y 787 75.5 56.8 69.2 57.1 80BN 87.3 84.6 744 822 746 [I885N

Bag full
british_museum 413 29.8 44 292 [ 505 535 451 8.2 44.1 [63.0 69.1 64.2 174 63.1 | 764
florence_cathedral_side 81.1 47.1 733 462  83.6 86.8 61.3 80.9 609  89.0 92.1 765 88.0 762  93.7
lincoln_memorial_statue 724 56.1 84.6 551 851 89.0 79.4 70.6/90.1 70.3 92.2 863 84.0 949 84.0
london_bridge 74.8 60.9 18.5 20.6 352 [N798Y 814 704 29.1 31.5 524 - 87.2 80.0 45.6 48.2 71.6
milan_cathedral 56.7 27.7 41.5 256 | 682 68.0 432 60.3 41.1 775 79.7 63.3 750 61.9 | 87.0
mount_rushmore 473 188 525 182 628 593 27.6 634 279 740 74.6 44.0 772 447 | 845
piazza_san_marco 67.0 467 45 472 | 725 778 62.1 94 629 | 821 87.3 78.1 212 788 | 90.4
sagrada_familia 770 319 733 326 762 845 46.8 827 477 842 91.2 652 90.6 662 913
st_pauls_cathedral 77.8 61.6 404 519 409 [JE8EN 84.6 72.0 572 66.4 57.7 85BN 90.7 82.5 74.8 80.5 75.1 [OLT
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