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Figure 1. Long-tail Internet photo reconstruction. Internet photo collections follow a long-tailed distribution. In the top plot, the z-axis represents scene
index (sorted by image count) and the y-axis shows images per scene (scenes are drawn from MegaScenes [27], a dataset of Internet photo collections). The

curve plots the total number of Internet photos per scene, while the steel blue curve shows the size of the subset of photos that were successfully
registered using SEM. The head of this distribution of photo collections represents well-photographed scenes; here, there are 6,985 scenes with >50 registered
images. However, most photo collections are in the long tail of this distribution; here, 418,056 scenes with fewer than 50 registered photos. State-of-the-art
methods often fail on scenes in this tail. In the lower half of the figure, we show two examples from the long tail, along with representative input images and
the corresponding reconstructions. On Calvaire de Plougonven, COLMAP doesn’t register any image; on both Duomo (Cagliari)-Crypt and Calvaire de
Plougonven, recent feed-forward reconstruction models like 73 [34] produce poor results. We propose MegaDepth-X dataset and a strategy for mimicking
long-tail camera distributions, on which fine-tuned models like 73 exhibit better reconstruction robustness.

Abstract

Internet photo collections exhibit an extremely long-tailed
distribution: a few famous landmarks are densely pho-
tographed and easily reconstructed in 3D, while most real-
world sites are represented with sparse, noisy, uneven im-
agery beyond the capabilities of both classical and learned
3D methods. We believe that tackling this long-tail regime
represents one of the next frontiers for 3D foundation mod-
els. Although reliable ground-truth 3D supervision from
sparse scenes is challenging to acquire, we observe that
it can be effectively simulated by sampling sparse subsets
from well-reconstructed Internet landmarks. To this end, we
introduce MegaDepth-X, a large dataset of 3D reconstruc-
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tions with clean, dense depth, together with a strategy for
sampling sets of training images that mimic camera distribu-
tions in long-tail scenes. Finetuning 3D foundation models
with these components yields robust reconstructions under
extreme sparsity, and also enables more reliable reconstruc-
tion in symmetric and repetitive scenes, while preserving
generalization to standard, dense 3D benchmark datasets.
The dataset, finetuned models, and code are available at:
megadepth-x.github.io.

1. Introduction

Internet photo collections of real-world landmarks follow
a long-tailed distribution. A small fraction of famous sites,
such as the Colosseum or Notre Dame, are photographed


megadepth-x.github.io

from every conceivable angle and can be accurately recon-
structed by standard Structure-from-Motion (SfM) pipelines.
Yet the overwhelming majority of landmarks across the
world are represented on the Internet with just a handful
of sparse, noisy images (Fig. 1). We refer to this large body
of scenes as the long-tail of online photo collections. Such
scenes are the norm rather than the exception in real-world
Internet imagery.

Reconstructing long-tail scenes is challenging. Clas-
sic methods, such as COLMAP [19], often fail because
feature correspondence is hard to find across sparse, non-
overlapping, or wide-baseline views. Modern learned feed-
forward models, like DUSt3R [33] and VGGT [30], can
learn powerful priors from millions of images that might
help reconstruct long-tail collections. In practice, however,
these models are primarily trained on controlled captures
with clean, dense, and evenly sampled data. When applied
to long-tail Internet scenes featuring sparse, diverse, and un-
evenly distributed imagery, we find that these models often
fail to recover consistent geometry.

We believe that one of the next frontiers for 3D founda-
tion models lies in tackling this long-tail regime of Internet
photos. Better data is almost certainly key to this problem,
but we cannot easily construct reliable 3D supervision from
long-tail collections themselves, as most contain too few
overlapping views for robust reconstruction. Instead, we
propose to simulate such long-tailed sets by appropriate sam-
pling of sparse images from the large, well-reconstructed
Internet landmarks at the head of the distribution, inheriting
ground truth from the full reconstruction.

This strategy requires drawing from large amounts of
high-quality landmark reconstructions from Internet photos.
Existing datasets fall short of this need: MegaDepth [14] is
clean but small, while MegaScenes [27] is large but noisy
and lacks depth maps. We therefore introduce MegaDepth-X
(dubbed MD-X), a next-generation extension of MegaDepth
in both scale (8 x larger) and quality: a large-scale, clean,
and dense-depth-enhanced dataset built from Internet photo
reconstructions with consistent depth refinement and ex-
tensive manual verification against reliable references (e.g.,
Google Maps and satellite imagery). Equipped with MD-X,
we propose a novel sparsity-aware sampling strategy that
mimics the camera distributions of long-tail scenes, encour-
aging training batches to span wide baselines and partial
overlap rather than clustered dense views.

Through extensive experiments, we show that models
fine-tuned with MD-X and our sparsity-aware data sam-
pling scheme are significantly more robust on long-tail Inter-
net photo collections, including challenging doppelganger
scenes with ambiguous or symmetric content, such as the
Calvaire de Plougonven example in Fig. 1, where classical
StM and pretrained foundation models often fail. In sum-
mary, our contributions are:
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* Defining the 3D long-tail regime: we formalize and char-
acterize the long-tail distribution of Internet photo collec-
tions, highlighting this setting’s distinct challenges.

* MegaDepth-X, dubbed MD-X, a large-scale, clean, and
depth-augmented dataset for finetuning 3D foundation
models on real-world Internet scenes.

* Sparsity-aware sampling strategies that simulate the dis-
tribution of long-tail Internet collections to improve gener-
alization of 3D prediction models on real-world data.

2. Related Work

Feed-forward 3D reconstruction. Reconstructing 3D scene
geometry from 2D images is a cornerstone of computer vi-
sion. Traditional structure from motion (SfM) [20] and multi-
view stereo (MVS) [21] methods were crowning achieve-
ments of the classic era of 3D vision, and were scaled to
large Internet photo collections [1, 8, 25]. Recently, the new
paradigm of feed-forward 3D reconstruction has emerged,
which involves regressing 3D attributes directly from im-
ages in a single pass. Pioneering work in this area, such as
DUSt3R, showed success at predicting pixel-aligned point
maps from image pairs [33]. MASt3R extended this ap-
proach but still relied on pairwise processing [13]. Sub-
sequent efforts focused on scaling these models to arbi-
trary numbers of views. VGGT [30], along with concur-
rent models like Fast3R [36] and FLARE [37], introduced
large transformer architectures that can process hundreds
of views simultaneously. By leveraging large-scale, diverse
datasets and a multi-task learning objective, VGGT predicts
a full suite of 3D attributes, including camera parameters,
depth maps, and point maps. To eliminate reference-frame
bias, 73 [34] recently proposed a permutation-equivariant
architecture that predicts affine-invariant camera poses and
scale-invariant local point maps. These methods work well
on small-scale, densely-captured, well-conditioned scenes.
However, we find that their performance on more sparse and
noisy Internet photos remains suboptimal, particularly for
long-tail scenes.

Long-tail challenges in 3D vision. Long-tailed problems
are pervasive in computer vision. They occur when data for
common scenarios (the head) are abundant, but examples
of rare yet collectively frequent cases (the tail) are scarce.
For instance, many object recognition problems involve a
few dominant categories but many rarely seen ones, and
in autonomous driving, routine driving scenes are plentiful
while safety-critical events are hard to capture.

Recently, MegaScenes [27] introduced a large-scale
scene-level dataset built from Internet photo collections,
where long-tail effects are particularly pronounced. Many
scenes in the dataset are either unreconstructed or incor-
rectly reconstructed. These failures stem from a combina-
tion of view sparsity, noisy imagery, and doppelganger is-



sues [6]. Recent work has sought to address such challenges
by developing stronger local features [7, 28] and match-
ers [10, 11, 15, 18], and by learning wide-baseline pose
relationships from large-scale 3D datasets [3, 5]. The doppel-
ganger problem was further addressed by Cai et al. [6, 35],
who trained classifiers to prune false matches during the
structure-from-motion phase of reconstruction.

While these advances have led to enhanced robustness,
they do not yet work reliably at scale. Ideally, we’d mine
ground truth 3D training data for long tail scenes and learn
to reconstruct them, but that involves a chicken-and-egg
problem, because the common practice of using available
reconstructors (e.g. COLMAP [19, 22], VGGT [30]) to
derive pseudo-ground-truth camera poses and point maps
from natural data doesn’t work. Instead, similar in spirit
to approaches used in autonomous driving that augment
training data by simulating rare events, our key idea is to take
large, well-conditioned image collections and subsample
them to simulate long-tailed photo collections, and use these
to better balance training scene distributions for regression
models in order to generalize to long-tailed scenes.

3. The MegaDepth-X Dataset

Learning in the long-tail regime requires high-quality 3D
supervision derived from Internet photo collections. This in-
volves two key challenges. First, reconstructions of Internet
photo collections can be unreliable due to noise, dynamic
content, and ambiguities [6]. Second, most long-tail scenes
lack any usable reconstructions, as classical SfM pipelines
like COLMAP [20] often fail on sparse or widely varying
image sets. To address these issues, we construct MD-X, a
large-scale, clean, and depth-refined dataset that provides
reliable 3D supervision, built from well-reconstructed scenes
in MegaScenes [27].

3.1. Filtering and Disambiguation

Our first step in constructing MD-X is to identify candi-
date Internet landmarks from which reliable supervision
can be derived. We take as our starting pool the subset of
MegaScenes with more than 100 registered images, which
typically yields stable reconstructions. However, even these
“well-reconstructed” scenes exhibit two common failure
modes: (1) Many scenes contain dynamic events or crowded
activities, causing feature matches to lock onto moving ob-
jects rather than static structures, leading to unreliable recon-
structions. (2) The Doppelganger problem [6, 35], where
visually similar but geographically distant images are mis-
takenly registered together. Both issues produce incorrect
camera poses and fragmented, inconsistent point clouds as
shown in Fig. 2.

To mitigate these issues, we first inspect the dataset and
exclude scenes dominated by crowds or moving objects.
Next, we address the doppelganger problem by replacing
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Figure 2. Unreliable reconstructions in MegaScenes. Reconstructions
are unreliable when feature matches are incorrectly established on salient,
non-static objects (e.g., (a) humans, (b) statues, (c) airplanes) instead of
the static scene structure. This results in fragmented and geometrically
inconsistent point clouds. Example (d) illustrates a doppelganger failure,
where images from opposite sides of the building are incorrectly registered
together.

the default COLMAP SfM reconstruction with MASt3R-
SfM [13], combined with Doppelganger classification [35].
Specifically, MASt3R-SfM constructs the scene graph us-
ing feature matches derived from MASt3R descriptors, after
which the Doppelganger classifier identifies and prunes sus-
picious edges that may result from doppelganger-induced
false correspondences. Finally, we manually verify the recon-
structed scenes against external references such as Google
Maps and satellite imagery, discarding any scenes that do
not align with the corresponding bird’s-eye view.

3.2. Dense Depth Refinement

After obtaining reliable sparse reconstructions, we seek to
generate dense depth maps for supervision. We start by run-
ning a standard multi-view stereo (MVS) [22] pipeline. We
observe, as in prior work [14], that the resulting geometric
depth maps from in-the-wild collections often exhibit arti-
facts, including depth-bleeding effects (background depths
leak into foreground regions) and inconsistent and noisy
depths in areas with transient objects (e.g., people, cars).

To address these initial issues, we apply the full depth
refinement strategy from MegaDepth [14], including a modi-
fied MVS procedure that conservatively retains the minimum
depth value during propagation, stability filtering to remove
flickering pixels, and semantic filtering to exclude transient
objects. However, even after this pipeline, we still observe
artifacts in the processed geometric depth maps: (1) the
MegaDepth-modified MVS still leads to depth-bleeding arti-
facts, and (2) semantic filtering is not ideal as it relies on a
manually designated list of object categories. Examples of
such issues are shown in Fig. 3.
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Figure 3. Depth refinement. MVS depth maps often suffer from artifacts
like noise from transient objects (top row) and depth bleeding (bottom
row). As shown in the middle column, the MegaDepth refinement pipeline
(modified MVS, stability filtering, and semantic filtering) fails to fully
remedy these issues. Our method (right column) introduces an additional
monocular depth-guided filtering step, which effectively removes transient
objects and significantly mitigates depth-bleeding artifacts.

Therefore, to augment MegaDepth’s depth refinement
procedure, we propose a monocular depth-guided filtering
step. We use depth predictions from MoGe2 [32] as ordi-
nal depth priors, and remove pixels in the processed ge-
ometric depth maps that are inconsistent with these pri-
ors. Specifically, we first align the processed geometric
depths Dgeom to the monocular predictions Digno by match-
ing their median values over valid pixels: Dyge,y,(p) =
med{ Dinono (p)|PE P}
med{ Dgcom () [PEP}
ment, we compute the normalized depth discrepancy be-
_ |D£eom (P) = Drmono (P)|
- Dieom(P)
pixels whose discrepancies exceed a predefined threshold

Taepth- Moreover, to leverage Diyono for edge-aware filtering,
we compute the discrepancies between the gradients of the
|vD!

geom
7

8+ Dygeom(p), where s = After scale align-

tween the two maps: A(p) , and discard

— ‘|VDm0no| _
- D,

mono

| | and discard pix-

two maps: A(Pgrad)

geom
els whose discrepancies exceed a predefined threshold 7gpag.
This approach effectively filters both bleeding artifacts and
noisy transient objects without relying on manual category

lists, as depicted in Fig. 3.

3.3. Dataset Statistics

In summary, we identify 2,474 candidate scenes from
MegaScenes with more than 100 registered images. Of
these, 609 scenes are filtered out due to dynamic content,
reconstruction errors, or geometric inconsistencies. Our fi-
nal MD-X dataset comprises 1,865 reconstructions totaling
466k images. We reserve 127 scenes for testing, providing a
novel set for evaluating both pretrained and fine-tuned meth-
ods. A comparison table with MegaDepth is provided in the
supplementary.

4. Simulating Long-Tail Scenes

With MD-X providing reliable 3D supervision, the remaining
challenge is a complementary supervision coverage problem:
existing 3D foundation models are trained predominantly
on the head of the Internet-photo distribution, where image
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collections are large, redundant, and visually well-connected.
In this regime, models can rely on strong covisibility and
abundant local correspondences. However, most real Inter-
net photo collections lie in the long tail, where views are
sparse, unevenly distributed, and only weakly connected. A
more complete 3D prior should therefore be robust not only
to diverse scene content, but also to this underrepresented ob-
servation regime. Rather than seeking unreliable supervision
from true long-tail scenes, we start from well-reconstructed
scenes in MD-X and sample subsets whose covisibility struc-
ture matches that of real long-tail collections. In this way,
we expose the model to the missing part of the training dis-
tribution while inheriting trustworthy 3D supervision from
the full reconstruction.

4.1. Defining Properties of Long-Tail Scenes

Common issues like transient occluders and motion blur
affect Internet photos broadly, but they are not the primary
bottleneck for long-tail scenes. The more fundamental chal-
lenge lies in their viewpoint distribution. In these scenes,
sparse camera placements lead to limited mutual overlap be-
tween images. This results in fragmented, weakly connected
clusters rather than a cohesive set, which poses a major hur-
dle for reliable 3D reconstruction. Because accurate camera
poses are often unavailable for such scenes, we characterize
this regime using statistics of the SfM view graph rather
than absolute camera geometry. Our analysis reveals two
consistent patterns: (1) sparser connectivity: scenes with
low registration rates (e.g., only 20% of images registered)
contain a substantially larger fraction of low-degree nodes,
with 8% of cameras having degree two or less, compared
with only 3% in well-reconstructed head scenes. This indi-
cates that cameras in long-tail scenes are poorly connected,

forming fragmented clusters with limited covisibility. (2)

weaker connections: even among connected image pairs, the

average number of geometrically verified feature matches is
significantly lower in long-tail scenes than in head scenes

(294.8 vs. 395.3), indicating reduced overlap and weaker

geometric consistency.! Together, these observations show

that the long tail is not simply a regime of fewer images, but
one of sparse and weakly connected observation graphs.

Based on these findings, our sampling process should
satisfy three requirements:

* Viewpoint Diversity: The sampled views should cover a
wide range of viewing directions, ensuring that emulated
scenes span diverse visual perspectives.

* Sparsity: The selected views should be far enough apart
to mimic the wide baselines typical of long-tail scenes, e.g.
loosely connected views or views from disconnected scene
components, encouraging the model to learn robust geo-

ITo avoid statistics being dominated by severely noisy scenes, we com-
pute these measurements only on long-tail subsets containing at least five
registered images.



metric priors rather than relying on dense feature matches.

* Local Reconstructability: Despite the sparsity, views
within each sampled scene component should retain
enough covisibility to remain locally reconstructable, since
zero-overlap samples within a scene component can lead
to unstable training signals and difficult optimization.

4.2. Sparsity-Aware Sampling Strategy

We therefore formulate the sampling task as sampling N
views that form at most V.. connected components, in order
to emulate a long-tail scene with multiple weakly connected
or disconnected scene components. Specifically, components
are allowed to be disconnected from one another, but within
each sampled component we still require sufficient internal
covisibility for local reconstructability. We find that naive
random or uniform subsampling often fails to satisfy this
balance, producing either zero-overlap sets within scene
components or clusters biased toward dense regions. We
instead propose a structured sampling process. We first
partition views into strongly connected communities and
then select a minimal yet diverse subset that ensures both
community coverage and global connectivity. This process
is illustrated in Fig. 4.

Graph Communities. To promote viewpoint diversity in
our sampling, we first identify the dominant “viewing areas”
within each scene. We represent the SfM structure as a view
graph G = (V, E), where each node v; € V' corresponds to
a camera view and each edge (v;,v;) € E is weighted by
the number of feature matches w;;. We prune edges with
w;; < 50 to remove minor overlaps, resulting in a filtered
graph G’ = (V, E’) that preserves only meaningful covisi-
bility relationships. To reveal clusters of cameras with dense
internal connectivity, we perform community detection (e.g.,
Louvain community detection [4]) on the view graph. This
yields viewpoint groups C}, that efficiently capture distinct
visual regions and the dominant perspectives of the scene.
We then randomly partition the graph into N.. connected
components that span different communities and do the fol-
lowing steps within each graph partition. The partition
algorithm is provided in the supplementary material.

Minimal Connectivity Subgraph. To preserve overall
scene connectivity while maintaining sparsity and view
diversity within limited nodes, we construct a minimal
structure linking all identified communities without rein-
troducing dense redundancy within each partition. We then
compute an approximate Steiner tree to link all of these
nodes [12, 16].% In particular, for each training batch for
a given training scene, we first randomly select one repre-
sentative view vy, € C from each community C}, to form
the terminal set 7 = {v;}. An approximate Steiner tree

2A Steiner tree aims to span a specified set of terminal nodes while intro-
ducing only the minimal set of intermediate nodes required for connectivity.
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Figure 4. Sparsity-aware sampling strategy. Top: Our method follows
a multi-stage process: (1) Apply the Louvain algorithm to the view graph
to identify distinct viewpoint communities. (2) From each community,
randomly select a terminal view and construct an approximate Steiner Tree
to form a minimal, connected subgraph spanning these communities. (3)
Perform a Greedy Search on this subgraph to select a sparse and diverse set
of views. This procedure aims to cover as many communities as possible
while ensuring a wide spatial distribution of cameras within each community.
Bottom: A search depth parameter controls the final view coverage. In this
example, we sample N = 24 views from the scene with N.. = 1. With
search depth D = 24, all views are selected via greedy search, producing a
more evenly spread distribution. With D = 12, 12 views come from greedy
search and the remaining 12 are sampled locally from the neighborhoods of
selected nodes, resulting in a more concentrated distribution.

algorithm then constructs a minimal connected subgraph
Gab = (Vaw, Eswn);, T C Vi C V, that spans all termi-
nal nodes using only the necessary intermediate nodes. This
yields a compact subgraph connecting all communities us-
ing the fewest necessary nodes and edges, preserving global
consistency while retaining sparsity. Since G, can have an
arbitrary number of nodes, we need to perform additional
sampling to get desired number of views for the training and
testing batches.

Greedy View Sampling. Inspired by skeletal sets [26], we
perform greedy view sampling on the subgraph Gy, to select
a diverse subset of views for long-tail emulation. The ob-
jective is to iteratively expand the sampled set toward broad
spatial coverage while maintaining sufficient covisibility
among selected view pairs.

At each iteration, the algorithm aims to select the next
view based on two criteria: (1) Community novelty: pre-
ferring cameras that belong to previously unseen commu-
nities, thereby introducing new viewing directions and re-
ducing redundancy; and (2) Spatial distance: encouraging
selection of cameras farther from the current viewpoint
to promote wider baseline coverage. Specifically, the al-
gorithm operates on a current node v and its connected
neighborhood NV,,. Let S denote the set of already sampled
nodes and M be the community map. We first determine
which communities have already been reached in S, form-



ing the set Scomm = {M][s] | s € S}. For each neighbor
u € N,, we then evaluate its community novelty by check-
ing whether M [u] ¢ Scomm, and compute its spatial distance
as ||Pos(u) — Pos(v)||2, where Pos(-) is camera position.
Details for this algorithm are provided in the supplemental
material. All candidate neighbors are ranked lexicographi-
cally by these two attributes, and the top-ranked neighbor
u* is selected as the next sampled node. This procedure is
repeated for D iterations (i.e., the search depth).

Implementation. In practice, we compute a fixed set of com-
munities C = {C}} for each scene. To form a training batch
of N images for a scene, we first randomly divide the N
samples across all N, partitions. In each partition, greedy
view sampling stops once either a predefined search-depth
limit D is reached or the target number of views assigned
to that partition has been sampled. Here, D controls how
far the search expands within a partition, hence the sparsity
of the resulting set. If this process still produces fewer than
N nodes in total, we fill the remaining slots by randomly
sampling nodes from the local neighborhoods of the previ-
ously sampled nodes. Fig. 4 illustrates an example in which
N =24 and N, = 1, and shows the different sparsities of
the sampled set obtained under different values of D. Before
training, we run the proposed sampling algorithm offline to
generate mini-batches of 24 nodes, avoiding costly graph
loading during training. We then perform depth-first search
from random seed nodes to subsample 2 to 24 images for
training batches.

5. Experiments

We evaluate how our approach improves 3D reconstruction
in the long-tail regime of Internet photo collections. First, we
show quantitative results on the proposed MD-X benchmark,
demonstrating qualitative improvements on real-world long-
tail and doppelganger scenes. We then analyze the effect of
the proposed dataset and sampling strategy, and finally verify
that our fine-tuned models preserve strong performance on
standard, curated benchmarks. Further implementation de-
tails and additional results are in the supplementary material.

5.1. Experimental Setup

Backbones and variants. We finetune two feed-forward
3D foundation models, 73 [34] and VGGT [30], on MD-X
using our proposed sampling strategy. We adopt the loss
functions from 72 [34] and VGGT [30]. To preserve pre-
trained geometric fidelity, we finetune only the Alternating-
Attention modules and keep the point cloud and camera
decoders frozen. More training details are in the supple-
mentary. The resulting models are denoted as m3-FT and
VGGT-FT.

To study how our proposed view sampling strategy affects
performance, we finetune 7> on clean Internet data using
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Table 1. Quantitative results on MegaDepth-X for camera pose and
point map estimation across two difficulty levels. Our finetuned models
(m3-FT and VGGT-FT) trained with the proposed dataset and sampling
strategy consistently outperform pretrained baselines, especially on harder,
sparser scenes.

Camera Pose Estimation Point Map Estimation
Comp| NCt
Mean Med. Mean Med.

0.039 0.019 0.712 0.822
0.024 0.012 0.724 0.837
0.055 0.026 0.695 0.798
0.033 0.014 0.719 0.833
0.133 0.090 0.689 0.786
0.066 0.041 0.713 0.818

0.151 0.104 0.675 0.764
0.084 0.055 0.709 0.814

Accl
Mean Med.

0.055 0.030
0.035 0.020
0.093 0.047
0.050 0.027
0.101 0.065
0.068 0.041

0.149 0.092
0.089 0.053

Method

RRA@5T RTA@5T AUC@5T MRE| MTE|

s 88.97
3-FT 95.64

VGGT 84.17
VGGT-FT 9241
i 75.31
w3-FT 86.40

VGGT 70.98
VGGT-FT  81.07

68.79
76.85

58.47
71.12
59.16
71.00

52.98
65.59

45.84
55.58

3532
48.78
36.93
47.93

29.10
41.49

4.12
1.64
4.55
2.70
12.21
5.72

13.20
7.22

7.82
5.50

9.93
7.02
10.82
7.27

13.34
9.05

easy

hard

four sampling schemes:

* DENSE: training batches with densely overlapping views
where D = 5and N.. =1,

* SPARSE: long-tail-like sampling emphasizing wide base-
lines where D = 24 and N.. = 4,

* MIXED: a combination of dense and sparse batches for
balanced learning with D € [5,24] and N, € [1,4],

* RANDOM: random view sampling.

Unless otherwise noted, FT (e.g., w3-FT) refers to the model

finetuned on the cleaned dataset using the MIXED sampling

strategy above. We additionally train a DIRTY variant on

Internet data (using the same Mixed scheme) without the

filtering strategy in Sec. 3.1, while keeping the same depth

refinement pipeline in Sec. 3.2, to assess robustness to label

noise and data contamination.

Evaluation Metrics. For camera pose estimation, we fol-
low prior work [30, 34] and report Relative Rotation Ac-
curacy (RRA), Relative Translation Accuracy (RTA), and
their combined Area Under Curve (AUC). We also re-
port mean rotation and translation errors (MRE and MTE,
in degrees). For point map evaluation, we follow prior
work [2, 29, 31, 33, 34] and report Accuracy (Acc), Com-
pleteness (Comp), and Normal Consistency (NC), each com-
puted as the mean and median across test scenes.

5.2. Internet Photo Evaluation

We first evaluate models on the proposed MD-X benchmark,
which contains Internet photo collections of varying sparsity
and difficulty. For each test scene, we sample 24 images from
the reconstructed scene graph using our sampling algorithm,
and categorize them into easy (D = 5, N.. = 1) and hard
(D =24, N.. = 4) subsets according to the greedy search
depth used for test data sampling.

Quantitative Results. Tab. | reports quantitative results for
camera pose and point map estimation across three difficulty
levels on MD-X. Finetuning markedly improves both 73 and
VGGT over their pretrained baselines, with larger gains ob-
served in harder, sparser scenes. These improvements hold
across metrics indicate that the fine-tuned models better cap-
ture global structure and maintain consistent 3D geometry



Table 2. Ablation study on MegaDepth-X. Finetuning on the cleaned
dataset with MIXED dense—sparse sampling (73-FT) yields the best overall
performance, while training on unfiltered data (DIRTY) degrades accuracy.

Camera Pose Estimation Point Map Estimation

Accl Compl. NCT
Method RRA@5T RTA@ST AUC@ST MRE| MTE|
Mean Med. Mean Med. Mean Med.
73 8897 6879 4584 412 7.82 0055 0.030 0039 0.019 0712 0.822
73-FT 95.64 7685 5558  1.64 550 0.035 0.020 0.024 0.012 0.724 0.837
& mo-DIRTY 9125 7280  5L77 506 7.8 0075 0052 0.081 0051 0710 0.818
S p3RaNDOM 9508 7642 5500 178 572 0039 0021 0.026 0013 0720 0.831
73-DENSE 9513 7673 5565 184 561 0036 0020 0.026 0.013 0.725 0.837
73-SPARSE 9627 7646 5512 161 559 0038 0.020 0.026 0.013 0.723 0.835
73 7531 5916 3693 1221 1082 0.101 0065 0.133 0.090 0.689 0.786
73-FT 8640 7100 4793 572 7.27 0.068 0041 0.066 0.041 0.713 0.818
T 7O-DIRTY 810 6599 4374 1186 972 0.130 0.094 0.139 0.091 0.693 0.791
£ 73.RANDOM 8593 6984  47.17 653 778 0071 0.040 0.073 0.045 0708 0.812
73-DENSE 8582 7006 4747 604 7.64 0071 0.042 0.062 0.035 0.713 0.817
73-SPARSE 8597 7053 4713 605 752 0070 0.040 0.070 0.041 0710 0.814

in sparse settings.

Ablation Analysis. We analyze the effects of data qual-
ity and sampling strategies, with results shown in Tab. 2.
Training on unfiltered (DIRTY) data consistently reduces
accuracy, even performing worse than the pretrained model
in point-map estimation on both the easy and hard levels,
highlighting the importance of clean supervision for robust
generalization. Among sampling schemes, RANDOM sam-
pling yields reasonable camera pose accuracy but provides
limited improvement in point map reconstruction, empha-
sizing the importance of adequate covisibilities in training
batches. DENSE sampling performs well on easier scenes
but is less effective under sparse conditions. SPARSE sam-
pling alone does not yield the best trade-off. Although it
exposes the model to more challenging cases, MIXED sam-
pling achieves slightly better overall performance across
difficulty levels.

Qualitative Analysis. We show qualitative results for three
settings: the MD-X test set, real-world long-tail Internet
scenes, and doppelganger scenes.

MegaDepth-X Visualization. Fig. 5 shows reconstruction
results on the MD-X test set across easy and hard levels.
Our fine-tuned model produces more accurate camera poses,
more dense and consistent 3D point maps compared to the
pretrained baseline, especially on sparse (hard) scenes. It
generalizes well across varying camera intrinsics and chal-
lenging appearance changes such as day-night shifts.

Real Long-Tail Scenes. Real long-tail Internet scenes often
contain fewer than 100 usable photos captured from uneven
viewpoints and mixed with transient or irrelevant content.
Classical SfM pipelines, e.g., COLMAP, typically fail to
register most images, producing extremely sparse geometry
or incomplete reconstructions. Pretrained models struggle
under these conditions, yielding low-confidence predictions
and fragmented structures. Our finetuned model remains sta-
ble and reconstructs coherent global geometry. As shown in
Fig. 6, our model successfully reconstructs dense geometry
from very few views, and handles doppelganger ambiguities
with higher confidence, demonstrating strong robustness and
generalization to real-world long-tail scenes. In the supple-
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Figure 5. Reconstruction results on the MegaDepth-X test set across
two difficulty levels. For each level, the top row shows the full 24-image
input set, and the bottom row compares reconstructions from ground truth,
pretrained 73, and our finetuned model with top-down views shown in the
insets. Our model shows clearer improvements in the hard setting, where
the inputs are more challenging. Note that hard was obtained using a deeper
search depth than easy.

Table 3. Camera pose estimation on RealEstatel0K [38] and
CO3Dv2 [17]. We follow 73’s pose sampling conventions. Our fine-tuned
models, trained on proposed Internet data dataset, remain comparable to
pretrained baselines, demonstrating generalization to standard benchmarks.

RealEstatel10K CO3Dv2

Method  RRA@5T RTA@5T AUC@51 MRE| MTE| RRA@5T RTA@S5T AUC@5T MRE| MTE|
i 98.79 79.61 62.82 051 5.65 93.24 84.47 57.12 304 428
a3-FT 98.80 71.78 60.01 051 6.13 93.97 84.50 57.61 296 426
VGGT 97.49 62.32 38.09 1.03  8.66 96.97 86.19 67.84 233 395
VGGT-FT ~ 98.23 71.88 48.23 0.82 685 97.11 86.27 67.81 229 392

mentary material, we provide more results on doppelganger
scenes.

5.3. Generalization to Standard Benchmarks

We next examine whether the finetuned models preserve
generalization on standard, curated benchmarks.

Relative Pose Estimation. We evaluate on RealEstate-
10K [38] and CO3Dv2 [17], following 7%’s pose sampling
conventions. As shown in Tab. 3, fine-tuning on Internet data
generally maintains the performance of both backbones, and
yields modest improvements for VGGT in particular. These
results indicate that robustness learned from sparse, in-the-
wild Internet photos does not compromise generalization to
standard 3D benchmarks.

Point Map Estimation. Results on DTU [9], ETH3D [23],
7-Scenes [24], and NRGBD [2] (Tab. 4&5) show that our
model maintains comparable reconstruction accuracy on
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Figure 6. Reconstruction results on real long-tail Internet scenes. Each scene contains only a handful of photos with uneven viewpoints and noisy content,
where COLMARP fails to register most images and produces extremely sparse geometry. Pretrained 73 makes low-confidence predictions and incomplete
reconstructions, while our fine-tuned model discovers the correct large-scale layout (e.g., (1) Novo-Znamenka Manor, 66 images, 13 registered), handles very
few-view inputs and recovers dense geometry ((2) Sobanski Palace in Guzow, 95 images, 11 registered), reconstructs more complete structures under sparse,
long-tail settings ((3) Delizia del Verginese (Gambulaga, Portomaggiore), 69 images, 11 registered, (5) Chitharal Jain Monuments, 44 images, 15 registered),
resolves doppelganger ambiguity ((4) Hoshang’s Tomb, 85 images, 40 registered), and even works when COLMAP completely fails ((6) Chapel of Saint
Andrew’s cathedral (Saint Petersburg), 94 images, 0 registered). These results demonstrate that our model remains robust and confident under severe sparsity
and ambiguity in real long-tail Internet scenes. For each scene, the confidence threshold is the same for pretrained 7> and our method.

Table 4. Point map estimation on DTU [9] and ETH3D [23]. Finetuning
on the proposed Internet photo dataset retain overall reconstruction quality
on DTU, while performance on ETH3D decreases due to domain mismatch
with Internet imagery. These results show that the model adapts to Internet
photos without drifting too much on out-of-domain benchmarks.

DTU ETH3D
Method Acc. | Comp. | N.C. 1 Acc. | Comp. | N.C. 1
Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med.
w3 1.151 0.622 1.793 0.629 0.668 0.754 0.188 0.126 0.211 0.129 0.872 0.967
w3-FT 1.202 0.642 1.928 0.593 0.666 0.751 0.199 0.142 0.242 0.151 0.861 0.955
VGGT 1.308 0.761 1.929 1.015 0.665 0.750 0.270 0.174 0.304 0.180 0.841 0.942
VGGT-FT 1.283 0.759 1.900 0.953 0.669 0.756 0.282 0.205 0.394 0.225 0.838 0.927

Table 5. Point map estimation on 7-Scenes [24] and NRGBD [2]
datasets. We evaluate both sparse-view and dense-view settings. Fine-
tuning on Internet photos yields comparable performance to pretrained
baselines with minor variations, indicating our method preserves general-
ization across diverse real world and synthetic datasets.

7-Scenes NRGBD

View Method Acc. | Comp. | NC. 1 Acc. | Comp. | NC. 1
Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med.
s 0.047 0.029 0.074 0.049 0.741 0.840 0.024 0.013 0.028 0.013 0.909 0.991
sparse 3-FT 0.046 0.027 0.072 0.046 0.739 0.841 0.024 0.014 0.028 0.014 0.903 0.990
VGGT 0.044 0.024 0.056 0.033 0.733 0.846 0.049 0.027 0.066 0.037 0.882 0.979
VGGT-FT ~ 0.062 0.046 0.097 0.070 0.738 0.844 0.071 0.046 0.071 0.041 0.875 0.959
i 0.016 0.007 0.022 0.011 0.689 0.792 0.013 0.007 0.014 0.006 0.874 0.981
dense 3-FT 0.016 0.007 0.023 0.011 0.686 0.789 0.013 0.007 0.014 0.005 0.864 0.978
VGGT 0.022 0.008 0.026 0.012 0.667 0.760 0.015 0.008 0.015 0.006 0.871 0.982
VGGT-FT ~ 0.016 0.007 0.027 0.012 0.681 0.781 0.015 0.008 0.016 0.006 0.859 0.981

DTU, 7-Scenes and NRGBD. We observe a performance
decrease on ETH3D and a mild drop for VGGT under sparse
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NRGBD, likely reflecting the domain gap between these
clean, controlled datasets and Internet imagery. Overall,
the results indicate that training on diverse Internet photos
preserves cross-dataset generalization without overfitting.

6. Conclusion

We presented a step towards robust, Internet-scale 3D recon-
struction by defining and addressing the long-tail regime
of Internet photo collections. Through the MegaDepth-
X dataset and a sparsity-aware sampling strategy, we aug-
ment the ability of 3D foundation models to recover consis-
tent geometry from sparse, noisy, and ambiguous imagery,
where classical SfM and SOTA feed-forward 3D reconstruc-
tion models fail, and demonstrates disambiguation of dop-
pelganger scenes while maintaining generalization across
benchmarks.

Our dataset currently focuses on landmark-scale scenes,
representing only a small fraction of the landscape of Inter-
net photos. Bootstrapping on the current dataset and refining
models for reconstructions of even more longed-tail data re-
mains an important direction for future work. Extending this
framework beyond landmarks to everyday objects, indoor
scenes, and other Internet photo domains offers a promising
path toward a truly universal 3D foundation model.
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