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Figure 1. Given a partial 3D reconstruction produced by running structure from motion on Internet images capturing large-scale landmarks,

such as the

or the rear fagade of the Milan Cathedral depicted above, we present a technique for grounding this reconstruction in

a complete 3D reference model of the scene. Reference models are constructed from pseudo-synthetic renderings extracted from Google
Earth Studio. As illustrated above, our approach allows for merging partial, disjoint 3D reconstructions into a unified model.

Abstract

Reconstructing accurate 3D models of large-scale real-
world scenes from unstructured, in-the-wild imagery re-
mains a core challenge in computer vision, especially when
the input views have little or no overlap. In such cases, ex-
isting reconstruction pipelines often produce multiple dis-
connected partial reconstructions or erroneously merge
non-overlapping regions into overlapping geometry. In this
work, we propose a framework that grounds each partial
reconstruction to a complete reference model of the scene,
enabling globally consistent alignment even in the absence
of visual overlap. We obtain reference models from dense,
geospatially accurate pseudo-synthetic renderings derived
from Google Earth Studio. These renderings provide full
scene coverage but differ substantially in appearance from
real-world photographs. Our key insight is that, despite this
significant domain gap, both domains share the same un-
derlying scene semantics. We represent the reference model
using 3D Gaussian Splatting, augmenting each Gaussian

with semantic features, and formulate alignment as an in-
verse feature-based optimization scheme that estimates a
global 6DoF pose and scale while keeping the reference
model fixed. Furthermore, we introduce the WikiEarth
dataset, which registers existing partial 3D reconstructions
with pseudo-synthetic reference models. We demonstrate
that our approach consistently improves global alignment
when initialized with various classical and learning-based
pipelines, while mitigating failure modes of state-of-the-art
end-to-end models. All code and data will be released.

1. Introduction

One of the grand challenges in computer vision is to re-
construct the geometry of a 3D scene from an unstruc-
tured set of photographs. Over the past several decades, re-
markable progress - ranging from classical structure-from-
motion (SfM) pipelines [44, 48] to modern learning-based
methods [27, 49, 56, 58] - has enabled increasingly accu-
rate and detailed reconstructions, even from crowd-sourced
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image collections containing transient objects, varying il-
lumination, and significant appearance changes. However,
despite these advances, 3D reconstruction frameworks fun-
damentally rely on sufficient visual overlap between input
views to establish reliable geometric correspondences. This
requirement is often violated in large-scale real-world im-
age collections, where images are heavily biased toward a
sparse set of iconic viewpoints. For example, as illustrated
in Figure [, tourists photographing the Milan Cathedral
overwhelmingly capture its main entrance, with a smaller
set of images depicting the rear facade. Such viewpoint
bias yields multiple disconnected partial reconstructions -
or worse, introduces erroneous geometry by collapsing non-
overlapping observations into overlapping regions.

But what if we had access to a dense “oracle” reference
model of the entire scene which could serve as a common
anchor for all partial reconstructions? While crowd-sourced
imagery rarely covers every region of interest, such a model
can, in fact, be readily constructed from complementary
sources of visual data. For example, tools like Google Earth
Studio' can render dense, geospatially accurate views of
real-world landmarks from arbitrary camera poses, yielding
complete scene coverage. However, these renderings, previ-
ously referred to as pseudo-synthetic images [53], are gen-
erated from textured 3D meshes and therefore differ sub-
stantially in appearance from real-world crowd-sourced im-
ages. This pronounced domain gap makes it unclear how
such reference models can be leveraged to align and unify
partial reconstructions into a global coordinate system.

In this work, we introduce a technique that grounds
partial reconstructions captured in the wild to a complete
pseudo-synthetic—based reference model of the scene, ef-
fectively bridging the large appearance gap between the
two domains. Our approach is motivated by the key ob-
servation that, despite substantial visual variation - both
between crowd-sourced images and pseudo-synthetic ren-
derings, and among the images themselves - all observa-
tions capture the same underlying scene semantics. We
represent the reference model using 3D Gaussian Splatting
(3DGS) [22] and cast the alignment as an inverse optimiza-
tion problem [46, 64] that estimates a global transformation
for each partial reconstruction while keeping the reference
model fixed. In contrast to prior work that utilize a stan-
dard photometric loss for aligning input and rendered views,
we propose a semantic feature-based robust optimization
scheme that operates reliably on real-world image collec-
tions, even in the presence of outlier images that contain
significant occlusions.

To evaluate our approach, we introduce the WikiEarth
benchmark, pairing pseudo-synthetic reference models with
thirty existing 3D reconstructions from WikiScenes [61].
We apply our inverse optimization scheme on top of var-

Ine tps://www.google.com/earth/studio/

ious initializations spanning classical and learning-based

pipelines, and observe consistent improvements in global

alignment across multiple metrics. Additionally, we as-
sess state-of-the-art feed-forward 3D models including

DUSt3R [58], MASt3R [27], 7 [60] and VGGT [56].

Our evaluation shows that despite strong performance in

other settings, on our benchmark they frequently collapse

non-overlapping partial reconstructions into incorrect ge-
ometries, highlighting the need for an external reference
model and our semantic-based alignment approach. Finally,
we demonstrate that our approach generalizes to reference
models built from additional data sources, such as unstruc-
tured frames from drone videos. Our contributions include:

* A semantic alignment framework that grounds frag-
mented, non-overlapping partial reconstructions to a
complete pseudo-synthetic—based reference model, effec-
tively bridging large domain gaps between real-world im-
agery and rendered views.

* A robust feature—based optimization scheme, formulated
as an inverse optimization problem over a 3D Gaussian
Splatting representation, that replaces photometric cues
with semantic features to achieve reliable alignment in
challenging, in-the-wild conditions.

* The WikiEarth benchmark, which pairs pseudo-synthetic
reference models with real-world 3D reconstructions, en-
abling systematic evaluation of cross-domain 3D align-
ment techniques.

2. Related Work

2.1. Sparse 3D Reconstruction

The goal of the sparse 3D reconstruction task is to recon-
struct a scene given a sparse set of views, with little to
no overlap between the images. Numerous works have
been proposed for performing object-level sparse recon-
struction [15, 30, 55, 65]. Much fewer works address this
problem at scene-scale. In particular, Chen et al. [6] pro-
pose to learn discrete distributions over the 5D pose space.

Closely related to our problem setting, several prior
work aim to reconstruct large-scale scenes that contain non-
overlapping regions. Martin et al. [34] reconstruct indoor
scenes given annotated floorplan maps. Cohen et al. [9]
propose a technique for aligning indoor and outdoor recon-
struction using windows detection. By contrast to these, in
our work we are interested in leveraging accessible refer-
ence model for connecting partial reconstructions obtained
from large photo collections. Another line of work has fo-
cused on the task of predicting 3D rotations (without esti-
mating the relative translations) between non-overlapping
images [2, 3, 11]. These methods utilize only a pair of im-
ages, rather than a full collection, and haven’t been explored
in the context of Internet imagery.

Recently, transformer-based 3D reconstruction meth-
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Figure 2. Scene Grounding via Semantic Feature-based Robust Optimization. Given a 3DGS reference model M (left) and a set of
Internet images Z (right), we propose an inverse optimization scheme that predicts a global 6DoF+scale alignment 7" while keeping the
parameters of M fixed. We obtain an initial transformation 7" (in red) using a traditional SfM technique. During optimization, we calculate
a semantic feature loss Ls.n, and backpropagate it to update 7' (converging to the rendered view in green after N steps).

ods have gained popularity. A series of works in-
cluding DUSt3R [58], MASt3R [27], FASt3R [63], and
Spann3r [54] have proposed using transformers to directly
reconstruct sparse internet image collections. More re-
cently, VGGT [56] introduced a large feed-forward trans-
former that can predict all key 3D attributes of a scene given
input images. While these methods have achieved signifi-
cant improvements in 3D reconstruction, these models are
mostly trained on image sets with significant overlap, which
limits their ability to handle sparse, non-overlapping collec-
tions. Additionally, memory constraints limit the number of
input images that can be simultaneously processed. As we
demonstrate in our paper, these methods cannot yet handle
our challenging non-overlapping problem setting.

2.2. 3D Scene Registration

Registration has been studied extensively in the field of
Computer Vision. Here we cover just the work most closely
related to our work. In case the two 3D scenes are repre-
sented as point clouds, then a classical algorithm such as
iterative closest poin t [1] and its many derivatives can be
used. There are classic global methods that use 3D descrip-
tors to aid matching [18] and then use a sparse subset of
them for global alignment [68]. When the scene is repre-
sented as a mesh, mesh-based localization methods [38, 39]
perform alignment by matching sparse features. Recent
works learn the alignment features utilizing deep neural net-
works [8, 20, 43, 59, 66].

One method that utilizes it for NeRF registration is
DReg-NeRF [7], which converts the NeRF to a voxel grid
representation and trains a deep neural network for reg-
istration task. It achieves improved results over point
cloud registration methods but requires a large training
set. NeRF2NeRF [16] registers two 3D scenes, where both
scenes are represented as a NeRF. They show an improve-

ment over point cloud registration methods, but require user
input at the initialization, which is not needed in our ap-
proach. GaussReg [4] also addresses the task of regis-
tering two 3D scene, however it operates on scenes repre-
sented as 3DGS. Later, VF-NeRF [46] extended NeRF to
include Viewshed Fields, that capture visibility constraints
with NeRF, and used it to register two NeRFs.

While point cloud, mesh-based and NeRF localization
methods are related to our work, we address a different set-
ting. Specifically, our approach operates within a frame-
work that reconstructs a scene using a Gaussian Splatting
base model from low-quality images. A more closely re-
lated work is iNeRF [64], which registers images to a NeRF
model. Their method is based on back-propagating the pho-
tometric loss through the NeRF weights to optimize the six
parameters of each camera pose, defining an SE3 transfor-
mation with an exponential parameterization. By contrast,
our approach optimizes a global transformation aligning a
partial reconstruction obtained by a SfM technique to a ref-
erence model, represented using 3DGS.

2.3. Semantic 3D Neural Representations

With the recent rise of 3D neural representations, vari-
ous work has explored the problem of embedding seman-
tic features over these 3D representation. These embed-
ding are primarily used for tasks like semantic segmentation
[52, 57, 67], object localization [5, 13, 19, 33, 36] and ob-
ject recognition [17, 21]. For example LERF [24] augment
NeRFs [35] with CLIP [41] embeddings, predicting a se-
mantic feature field alongside the scene’s geometry. Several
recent works embed semantic features on a 3D Gaussian
Splatting representation [40, 47, 69]. In particular, Fea-
ture 3DGS [69] proposed a method for distilling 3D feature
fields from any 2D foundation models. They demonstrated
distillation of LSeg [28] and SAM [25]. Several methods
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specifically focus on learning semantic features for large-
scale scenes [ 14, 26], such as the ones explored in our work.
More closely related to our setting, Pixel-Perfect SfM [31]
also minimizes a feature-metric loss. They optimize it as a
part of standard SfM pipeline during bundle adjustment. By
contrast, our approach uses semantic feature embeddings
for aligning a 3DGS representation with a set of images.

3. Method

Our goal is to globally align a set of real-world images
to a reference model. We assume the images were previ-
ously bundled together using a structure-from-motion tech-
nique (e.g., COLMAP [45]), and treat them as a single
meta-image Z. Our reference model is built from pseudo-
synthetic rendered images, rendered from a mesh model
such as the freely accessible’ Google Earth Studio mod-
els, which, despite their low quality, provide extensive scene
coverage. Specifically, we seek the 6DoF+scale transforma-
tion 7' to align the meta-image 7 with the reference model.
The challenge lies in aligning these images, that are cap-
tured in uncontrolled environments with variable lighting,
viewpoints, and occlusions, to a low-quality yet globally
consistent reference model.

We frame the alignment problem as an inverse optimiza-
tion problem as proposed in iNeRF [64]. However, unlike
prior work, we iteratively refine a global 6DoF+scale trans-
formation, leveraging information from multiple views to
ground the meta-image Z in the reference model M. Fur-
thermore, our reference model is a 3D Gaussian Splatting
(3DGS) [23] model. 3DGS representations achieve real-
time rendering speed, significantly outperforming NeRF-
based methods, and hence are much better suited for inverse
optimization-based solutions. Finally, to align meta-image
7T, composed of images captured in the wild, with a refer-
ence model M, we propose a semantic feature-based robust
optimization scheme, as further detailed below.

Registration: We use an inverse-based approach for regis-
tration, optimizing the camera location based on rendering
results (see Fig. 2). We freeze the 3DGS model parame-
ters and introduce a 7-parameter vector: the first 6 represent
rigid transformation in SFE3, and the last parameter repre-
sents scale. Our method optimizes using semantic features
as the objective function and addresses outliers with robust
optimization, as detailed in the following paragraphs

Semantic Features: Prior inverse optimization-based tech-
niques [46, 64] utilize a standard photometric loss for align-
ing the input images with views rendered from the neural
3D representation. In our problem setting, not only do the
input images vary in appearance - for instance, due to illu-
mination conditions and transient occlusions - but they also

2For non profit research purposes, as further detailed on their website.

significantly differ from the views rendered from a (pos-
sibly) low-quality reference model. Consider the image
pair in Figure 2 (top center). A standard color loss would
not provide meaningful supervision for correctly aligning
the image set to the reference model. Our key insight is
that the underlying semantics is shared across the different
scene observations, and thus semantic features can effec-
tively guide the optimization procedure (Figure 2).
Specifically, we distill DINOv2 [37] features on the
3DGS model, where each Gaussian has both color and fea-
ture vectors, similar to the distillation approach used in Fea-
ture 3DGS [69]. During optimization, we use a L1 loss on
these high-dimensional features, denoted as Lg.,. DINO
features have been previously utilized for various tasks,
such as semantic image matching and semantic scene seg-
mentation [37]. In our experiments, we show that they out-
perform other representations for our scene alignment task.

Robust Optimization: = Even with our semantic loss,
naively optimizing the transformation 7" between the meta-
image 7 and the 3DGS model M fails because of outliers.
See, for example, the image pairs illustrated in the bot-
tom row of Figure 3. As shown in the figure, rendered
views may appear behind floaters in the reference model
(left example), and real-world images may contain occlu-
sions (right example). These outliers increase the loss and
impede the optimization’s convergence.
To handle these outliers, we use robust optimization:

T = argmin p(£(T]Z, M), ()

where £ is a summation of L, values, considering all the
images in Z, and ¢ represents a robust loss function. In
particular, we use the method of Least Trimmed Squares
(LTS) [42]. In each optimization iteration we ignore the
images with Lg.,, values larger than the median loss of the
previous iteration.

Initialization: We evaluate various initialization methods
for global alignment between the meta-image Z and the ref-
erence model M. Specifically, we initialize our method
with COLMAP [45], gDLS+++ which finds the global
6Dof+scale meta-image transform by treating it as a sin-
gle distributed camera [50], and the combination of Super-
Point [12] as the feature extractor and LightGlue [32] as
the feature matcher (henceforth denoted as SP+LG). Addi-
tional details for these initialization methods are provided
in the supplementary material.

Global Alignment and Model Assembly: Our proposed
semantic feature-based optimization scheme is applied it-
eratively across all meta-images, gradually aligning each to
the reference model. Each time, we independently align one
meta-image to the model. This ”puzzle-solving” process re-
sults in a cohesive, large-scale scene model that combines
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Internet Model Internet Model

Figure 3. Challenges of aligning internet photos to the ref-
erence model. Visualization of input Internet images (first and
third columns) and views rendered from the reference model at
the ground-truth locations (second and fourth columns). As illus-
trated above, high Lgm values (bottom row) often indicate outlier
images, which our approach overcomes via a robust optimization
scheme, as further detailed in Section 3.
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Figure 4. The WikiEarth Benchmark. Reconstruction of four
landmarks from WikiEarth. The blue frustums depicts the ren-
dered images from Google Earth Studio, and the red frustums the
images from WikiScenes.

the partial reconstructions from each meta-image into a uni-
fied whole, overcoming limitations seen in traditional SfTM
methods that produce disjoint or incomplete reconstructions
(as illustrated in Figure 1).

4. The WikiEarth Benchmark

To evaluate methods for grounding partial 3D recon-
structions to complete scene models, we introduce the
WikiEarth benchmark. While large collections of partial
in-the-wild reconstructions exist (e.g., WikiScenes [61],
MegaDepth [29], MegaScenes [51]), and many landmarks
also have 3D models, there is no standardized dataset

that provides ground-truth correspondences or alignments
between the two. Moreover, existing in-the-wild recon-
structions typically cover only limited portions of a scene,
making accurate evaluation particularly challenging. Our
benchmark fills this gap by supplying precise alignments
between partial reconstructions and full scene geometry, en-
abling fair and reproducible quantitative comparison across
alignment methods.

We augment 3D reconstructions from the WikiScenes
dataset (meta-images) with reference models derived from
Google Earth Studio. Google Earth studio is an animation
tool for Google Earth’s satellite and 3D imagery, which can
be used for research purposes.

To create the reference model we first render camera tra-
jectories from Google Earth Studio, while ensuring suffi-
cient scene coverage. To achieve this, we render both aerial
and ground level camera trajectories. An example of these
camera trajectories is shown in Figure 4. The reference
model is constructed by applying COLMAP to the rendered
images of the landmark from Google Earth Studio, while
utilizing the GPS coordinates of the rendered images.

We create ground-truth alignments between the
WikiScenes meta-images and the Google Earth reference
models through a fully supervised process. Specifically,
we apply COLMAP with manually selected parameters to
obtain an initial registration (exact parameters per scene
are listed in the supplementary). We then visually inspect
and filter out any misaligned images, retaining only those
with high-quality alignment. A meta-image is included
in our benchmark only if at least four of its images are
successfully aligned to the reference model. Sample
alignments are shown in the supplementary material.

The resulting WikiEarth benchmark consists of 32 dif-
ferent meta-images across 23 scenes from the WikiScenes
dataset. On average, each meta-image contains 97 images,
with a maximum of 713 and a minimum of 8. Additional
statistics are available in the supplementary.

Figure 4 illustrates the reconstructions within the
WikiEarth benchmark, where the blue frustums depict im-
ages rendered from Google Earth Studio and the red frus-
tums Internet images from WikiScenes.

S. Experiments

In this section, we present our main results and compar-
isons. We compare performance to the COLMAP [45],
GDLS+++ [50] and SP+LG [12, 32] baselines in Section
5.2. These baselines also serve as our initializations, as fur-
ther detailed in Section 3. Additionally, we compare against
recent feed-forward 3D models (specifically DUSt3R [58],
MASt3R [27], 73 [60], and VGGT [56]) in Section 5.3. Im-
plementation details, additional experiments and interactive
visualizations are provided in the supplementary material.

33357



COLMAP + Ours

gDLS+++ + Ours SP+LG + Ours

Figure 5. Qualitative Comparison. A visualization of the align-
ment results for our method compared to the three baselines. Each
image shows the ground truth in the lower half and the rendered
image from the reference model M after alignment in the top
half. As demonstrated, our inverse optimization-based approach
predicts precise transformations, even in the presence of challeng-
ing, inaccurate initializations.

5.1. Evaluation Metrics

We evaluate the predicted meta-image transformations on
the WikiEarth benchmark using AT7 and ARz, which de-
note the average RMS translation and rotation errors of the
registered images belonging to each meta-image Z. ARz
is measured in degrees and AT7 is expressed in the scale
of the scene. All scenes are similarly scaled by COLMAP,
using the rendered cameras as the reference scale.

We report AT and AR, which denote the average er-
rors over all the meta-images (performance breakdown per
meta-image is reported in the supplementary). Averages are
computed only over successful meta-images, for which the
method outputs a transformation.

In addition to the average errors, we report the meta-
image transformation accuracy (MTA) and the percentage
of outliers O%, similarly to iNeRF [64]. MTA and O%
are reported over predefined ratios. That is, a meta-image
transformation is considered accurate if AR < 5° and
AT < 0.2, and categorized as an outlier if AR > 10°
or AT > 0.5. In the supplementary, we report MTA and
0% over additional threshold values.

5.2. Comparison to Baselines

Quantitative results are reported in Table 1. As illustrated,
our approach outperforms all baselines in all metrics and
consistently improves the initialization performance. Per-
formance breakdown over all scenes and configurations are
provided in the supplementary material.

We also provide a qualitative comparison over different
initializations in Figure 5. In Figure 6, we present align-
ment results of multiple meta-images across several land-

Table 1. Comparison with Baselines. We compare performance
over the WikiEarth benchmark against multiple baselines. We re-
port performance of each baseline (top rows), and our method ini-
tialized with the baselines (bottom rows). #Failures denotes the
number of meta-images for which the initialization method failed
to produce an alignment; errors are computed only over successful
instances. As shown, our approach can be paired with a range of
initializations, yielding significant improvements in most cases.

Methods AR | AT | MTAt O% | #Failures
gDLS+++ 2.86 0.12 78 6 1/32
Ours (gDLS+++ init) 2.69 0.13 84 3 -
SP+LG 374 025 74 15 5/32
Ours (SP+LG init)  3.13 0.24 81 7 -
COLMAP 499 0.12 66 12 0/32

Ours (COLMAP init) 2.48 0.12 81 0 -
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Figure 6. Grounding Multiple Meta Images. Above we show
three scenes containing two meta-images per scene (visualized in
and purple), both grounded to the scene’s global reference
model. We show both the COLMAP initialization, and our final
result. Ground truth reconstructions are provided on the bottom.

marks, comparing our method and the COLMAP baseline
to the ground truth. As can be observed from these visu-
alizations, our method can successfully align meta-images
with significantly erroneous initializations.

5.3. Comparison to Feed-Forward 3D Models

We compare our method against DUSt3R [58],
MASt3R [27], VGGT [56] and 73 [60], recent feed-
forward reconstruction models. We conduct two sets of
experiments to demonstrate that these models struggle
in our problem setting: (i) meta-meta reconstructions,
which reconstructs two meta-images belonging to the
same physical scene without a reference model, and (ii)
meta-to-reference reconstructions, which aligns a single
meta-image to the reference model. We perform these
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Figure 7. Aligning a meta-image to a reference model with 7>,
As illustrated above, while 7> successfully registers the Google
Earth images, it struggles to correctly align the Internet images in
this model; see, for instance, the ghost structure in the center of
the red box on the bottom row. The top result, reconstructed from
Google Earth images only, is shown for reference.

Table 2. Comparison with Feed-Forward 3D Models. We report
geodesic rotation errors over two settings, comparing two meta-
images directly (ARz« ) and comparing a single meta-image
with a reference model (ARzo A1), As illustrated below, our
method significantly outperforms all recent feed-forward 3D mod-
els by an order of magnitude in both settings.

Methods AR7 i+ AR7 71
DUSt3R 54.40 29.27
MASt3R 24.18 12.52
VGGT 51.69 24.63
73 68.46 45.80
Ours (COLMAP Init) 2.59 1.48

experiments over the seven scenes in WikiEarth that contain
multiple meta-images; this yields 16 and 32 meta-meta and
meta-to-reference comparisons, respectively.

As these methods cannot handle hundreds of images,
we subsample 45 images each time (larger collections yield
OOM on our A5000 GPU). For the alignment with the refer-
ence model, we subsample 35 from the reference model and
10 from each meta-image. As 73 is more memory efficient,
for this baseline we subsample 180 images; for the align-
ment with the reference model we subsample 150 and 30
images from the reference model and meta-image respec-
tively. We sample evenly from each meta-image for the ex-
periment without the reference model. Each run is repeated
five times. To quantify performance, we measure geodesic
rotation error [2] between image pairs: A Rz.,7 denotes the
average error for meta-meta reconstructions and ARz, aq
denotes the average error for meta-to-reference alignment.

Results are reported in Table 2. As shown, our method
outperforms all baselines by an order of magnitude across
both metrics, demonstrating that these models cannot cope
with our challenging problem setting. Figure 7 illustrates a
typical failure mode of meta-to-reference alignment. Addi-
tional qualitative results are provided in the supplementary.

5.4. Generalization to Different Reference Model

To demonstrate the generalization of our method to global
reference models obtained from various sources, we created
global reference models from drone videos (downloaded
from YouTube). We constructed the reference models au-
tomatically by sampling the frames and recovering the tra-
jectory using SfM. Results are presented in Figure 8.

5.5. Ablation Study

To assess the contributions of different components in our
method, we conduct ablation studies on both the semantic
features and robust optimization techniques. These stud-
ies help isolate the effects of key optimizations and demon-
strate the importance of each component. We conduct these
ablations using the COLMAP initialization. The results of
these ablations are summarized in Table 3. Additional abla-
tions are provided in the supplementary.

Semantic Features Ablations: We explore the impact of
different photometric and feature-based optimization meth-
ods by replacing our primary semantic features with alterna-
tive approaches. This includes a photometric loss and other
semantic feature extractors. Photometric loss, commonly
used in inverse optimization methods like iNeRF [64] and
VE-NeRF [46], effectively aligns scenes through differen-
tiable rendering in controlled environments. However, this
method struggles on our “in-the-wild” dataset, as our results
show it significantly underperforms, with high rotation er-
ror (AR of 6.48) and translation error (AT of 0.38), likely
due to large color variations between meta-images and the
low-quality reference model.

We also evaluate LSeg [28], which has been applied
successfully in semantic segmentation tasks. While poten-
tially beneficial in scenes with clear semantic structures,
LSeg fails to outperform even the initialization (COLMAP),
yielding a translation error of 0.34. This suggests that
LSeg, though effective for segmentation, lacks the robust-
ness needed for large-scale scene alignment in this chal-
lenging setting. Finally, we experiment with DINOv2 +
DVT [62], a variant of DINO designed to reduce grid-like
artifacts in feature maps. While DINOv2 + DVT performs
better than photometric loss and provides reasonable align-
ment results, we find that it falls short of the performance
achieved using standard DINOv2 features, and therefore we
did not utilize these semantic features in our pipeline.

Robust Optimization Ablations: To evaluate the effect of
our robust optimization scheme, we compare it to several
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Figure 8. Generalization to Drone-Based Reference Models.
We evaluate our method using a reference model reconstructed
from drone video frames sourced from YouTube. As illustrated
above, our approach significantly improves the alignment over the
COLMAP baseline, which serves as our initialization.

Table 3. Ablations. We provide several experiments ablating our
semantic features (middle) and robust optimization scheme (bot-
tom). All the ablations where initialized with the COLMAP base-
line. Best results are marked in bold. As illustrated below, the full
method consistently outperforms all alternatives.

Methods AR° | AT | MTA%t 0%
Ours (COLMAP init) 2.48 0.12 81 0
Semantic Features Ablations
Photometric Optimization 6.48 0.38 72 22
LSeg [28] 4.78 0.34 62 19
DINOv2 + DVT [62] 2.86 0.14 78 0
Robust Optimization Ablations
w/o LTS 3.78 0.19 69 3
Fixed LTS 2.78 0.14 72 0
IRLS [10] 3.51 0.18 72 3
L2 4.21 0.20 75 3

baselines: (i) removing the robust optimization technique
(w/o LTS), (ii) fixing the set of ignored images according to
the first iteration in LTS (fixed LTS) (iii) replacing it with
an alternative robust optimization method (IRLS [10]), and
(iv) using L2 loss instead of L1. The ablation results are
presented in the lower part of Table 3.

Both the IRLS and w/o LTS ablations show higher trans-
lation errors than the COLMAP baseline, highlighting the
importance of LTS in optimizing alignment. Notably the
ablation methods show up to 3% outliers, indicating that
most scenes converge, though not as effectively as with the
full method.

The fixed LTS ablation also outperforms COLMAP but
is slightly surpassed by the full approach. This indicates
that a soft selection of images for optimization is more ef-

fective than a fixed cutoff, adjusting the ignored image set
based on the current loss landscape.

We further analyze this phenomenon in the supplemen-
tary. In particular, we show histograms depicting the num-
ber of times images are ignored throughout the optimization
procedure. Our analysis reveals that a majority of the im-
ages are consistently ignored (or not), while the relative loss
of some images perturbs across iterations, further illustrat-
ing that our robust optimization scheme indeed yields a soft
selection mechanism allowing for achieving stable conver-
gence with improved performance.

Our ablation studies highlight the importance of both
semantic features and robust optimization techniques in
achieving superior alignment. The results confirm that our
full method consistently outperforms the ablation alterna-
tives, with key optimizations such as LTS and semantic fea-
tures based approaches playing critical roles in improving
accuracy and convergence stability.

6. Conclusion

In this work, we proposed an approach for grounding par-
tial 3D reconstructions in the wild to a reference Gaus-
sian Splatting model. Technically, this amounts to align-
ing in-the-wild images to a model obtained from pseudo-
synthetic renderings. To solve it, we frame grounding as
an inverse optimization problem and introduce a semantic
feature-based robust optimization solution that is capable
of handling outliers. Additionally we created WikiEarth, a
new benchmark dataset that contains 3D reconstructions of
landmarks associated internet photo collections previously
assembled in the Wikiscenes dataset, registered with ref-
erence models obtained via images rendered from Google
Earth Studio.

As with other optimization-based approaches, our
method remains sensitive to initialization, particularly when
the initial alignment is far from the correct solution. Per-
formance also becomes less reliable for very small image
collections, which fall outside the regime our framework
is designed to address. A more detailed analysis of these
limitations is provided in the supplementary material. Fu-
ture works can leverage the non overlapping aligned meta-
images in WikiEarth to train sparse reconstruction pipelines.
Another promising direction is to combine the global cov-
erage of pseudo-synthetic imagery with the rich appearance
details of Internet photographs to construct stronger hybrid
3D scene representations. Finally, incorporating language-
based semantic features could unlock downstream applica-
tions such as language-guided scene grounding and naviga-
tion across large-scale environments.
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