Doppelgangers++: Improved Visual Disambiguation with Geometric 3D Features
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Figure 1. Visual aliasing, or doppelgangers, poses severe challenges to 3D reconstruction. We propose Doppelganger++, an enhanced pairwise image
classifier that excels in visual disambiguation across diverse and challenging scenes. (Top) We seamlessly integrate Doppelganger++ into SfM, successfully
disambiguating each scene. (Middle) Compared to prior work (which we refer to as DG-OG [3]), Doppelgangers++ is more robust for everyday scenes,
showing improved accuracy and robustness. We show pairs that DG-OG classifies incorrectly and ours gets correct. (Bottom) Our new VisymScenes dataset,
featuring complex daily scenes, is particularly challenging for COLMAP and DG-OG, but our method can achieve correct and complete reconstructions.

Abstract

Accurate 3D reconstruction is frequently hindered by vi-
sual aliasing, where visually similar but distinct surfaces
(aka, doppelgangers), are incorrectly matched. These spuri-
ous matches distort the structure-from-motion (SfM) process,
leading to misplaced model elements and reduced accuracy.
Prior efforts addressed this with CNN classifiers trained
on curated datasets, but these approaches struggle to gen-
eralize across diverse real-world scenes and can require
extensive parameter tuning. In this work, we present Dop-
pelgangers++, a method to enhance doppelganger detection
and improve 3D reconstruction accuracy. Our contribu-

tions include a diversified training dataset that incorporates
geo-tagged images from everyday scenes to expand robust-
ness beyond landmark-based datasets. We further propose a
Transformer-based classifier that leverages 3D-aware fea-
tures from the MASt3R model, achieving superior precision
and recall across both in-domain and out-of-domain tests.
Doppelgangers++ integrates seamlessly into standard SfM
and MASt3R-SfM pipelines, offering efficiency and adapt-
ability across varied scenes. To evaluate SfM accuracy, we
introduce an automated, geotag-based method for validat-
ing reconstructed models, eliminating the need for manual
inspection. Through extensive experiments, we demonstrate
that Doppelgangers++ significantly enhances pairwise vi-



sual disambiguation and improves 3D reconstruction quality
in complex and diverse scenarios.

1. Introduction

Visual aliasing—confusing two surfaces that look the same
but are nonetheless distinct—is an pernicious problem in
3D reconstruction and SLAM systems. Pairs of images that
depict visually similar yet distinct 3D surfaces (called dop-
pelgangers by Cai et al. [3]) can generate spurious correspon-
dence at the feature matching stage of 3D reconstruction,
leading to erroneous downstream reconstructions that feature
distorted geometry or incorrectly fused elements. Therefore,
to ensure the accuracy of 3D reconstruction, it is critical
to distinguish truly matching images from illusory matches
arising from doppelganger pairs.

In recent work, this visual disambiguation problem was
formulated as a binary classification task on image pairs [3].
The authors collected a Internet dataset of visually similar
doppelganger pairs (as well as truly matching images) from
Wikimedia Commons, then trained a CNN to classify image
pairs as correct or incorrect matches. This classifier can be
used to take a feature match graph computed from a set of
photos, remove incorrect edges between doppelganger image
pairs, then reconstruct a correct model using a structure from
motion (SfM) pipeline like COLMAP [23]. While that work
shows promising improvements on reconstruction problems,
we find that it can still be brittle: First, the 3D reconstruction
task demands that the classifier have has precision—even a
few bad edges remaining in the image match graph can lead
to an incorrect 3D model. Second, the reconstruction task is
quite sensitive to the threshold on the classifier score used
to prune edges from the match graph. Finally, their method
was trained solely on landmark Internet photos and does not
reliably generalize to new scenarios, such as more structured
captures of everyday scenes, like streets and office buildings.

In this paper, we aim to address these issues and improve
doppelganger classification in several key ways:

1. We identify ways to expand and diversify doppelgangers
training data. In particular, we leverage semi-structured
image data with geographic annotations (rough GPS po-
sition and orientation), captured from everyday scenes
with the Visym Collector platform [2].

2. We switch from a CNN-based classifier to leveraging
features from MASt3R [7], a recent transformer-based
geometric model that computes point clouds from two
input views. Specifically, we feed an image pair into
a pre-trained MASt3R model, collect the intermediate
features decoded by MASt3R, and train a classification
head to map these features to a doppelganger score.

We call our method Doppelgangers++. Our enhanced model

achieves higher precision and recall in pairwise classification,

and generalizes better across a broader range of scenes and

capture scenarios. Doppelganger++ integrates seamlessly
into SfM pipelines for 3D reconstruction disambiguation.
We further propose to leverage geo-tagged map images to
guantitatively evaluate the correctness and completeness of
reconstructed models, in comparison to manual inspection
as required in previous approaches. Through extensive ex-
periments we show that our model leads to more accurate
and complete reconstruction results, and is less sensitive to
the threshold used for pruning doppelganger matches.

2. Related Work

Local feature matching and 3D learning. Local feature
matching methods have proven effective at establishing cor-
respondences between pairs of images in SfM pipelines.
Classic methods like COLMAP [23] rely on the tried-and-
true SIFT features [17] to find correspondence. Modern
learning-based, data-driven approaches have improved the
quality of local feature matching [6, 21, 25, 33]. More re-
cently, the DUSt3R [29] framework has proven to excel in
a variety of 3D reconstruction tasks by estimating dense
3D point clouds from pairs of images. MASt3R [16] was
proposed as an extension to DUSt3R that specifically tar-
gets the task of predicting dense feature matches between
image pairs. All of these local feature matching methods
are traditionally optimized to maximize the number of corre-
spondences they find between similar image regions. While
their ability to identify feature matches has greatly improved,
they generally lack the ability to incorporate negative evi-
dence into their predictions, and so they often find matches
between regions that do not actually correspond to the same
3D surface, particularly within doppelganger image pairs.
However, we show that features internal to MASt3R can be
repurposed for doppelganger detection.

Disambiguation in SfM and image matching. Disam-
biguating similar structures and repeated patterns in SfM
is a long-standing challenge. Prior work has mainly relied
on heuristics-based analysis to detect conflicting relations
and ambiguities in the structure of the underlying scene
graph [10, 14, 18, 19, 24, 27, 31, 32, 35] or among image-
level correspondence (or the lack thereof) [4, 11-13, 20, 34].
While such methods have shown some success in detecting
and resolving ambiguities in SfM pipelines, one fundamen-
tal limitation that they do not consider the rich information
contained in the images themselves. In contrast, Doppel-
gangers [3] avoids handcrafted heuristics and takes a data-
driven approach to the basic problem of identifying doppel-
ganger image pairs. They train a CNN that classifies a pair
of images as either positive or negative, with LoFTR [25]-
extracted keypoints and match masks passed as auxiliary
input. During inference, the binary classification results are
used to pre-process the scene graph obtained from COLMAP
to filter out spurious matches prior to running SfM. How-
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ever, the method’s reliance on COLMAP feature extraction
and matching and the need for auxiliary mask information
from LoFTR introduces significant overhead and complexity
to the overall pipeline, making it difficult to scale to larger
scenes. In addition, we find that this prior method is brittle:
it can fail to generalize to domains beyond landmarks (e.g.,
to office buildings), and it can require parameter tuning to
get good results.

Differentiable SfM. To improve upon traditional SfM, sev-
eral differentiable SfM pipelines have been proposed to opti-
mize the entire 3D reconstruction process. These pipelines
often include one or more components that are trained from
large datasets. MASt3R-SfM [7] proposes an SfM pipeline
that uses MASt3R features for scene graph construction and
coarse-to-fine alignment. VGGSfM [28] decomposes the
problem into four stages: point tracking, initial camera esti-
mation, triangulation, and bundle adjustment, each of which
is differentiable and can be optimized in an end-to-end man-
ner. ACEOQ [1] uses a scene coordinate regression network to
progressively register new images to a global scene, while
the network itself is iteratively trained and refined from the
registered images. These methods have shown promising
results in optimizing the SfM pipeline, but are not specifi-
cally designed to address the doppelganger problem, and are
still prone to producing incorrect reconstructions when faced
with scenes with repeated patterns or similar structures.

3. Method

We refer to a “doppelganger” as a case where distinct objects
or surfaces look almost identical, leading algorithms to con-
fuse one for the other [3]. In this work, we aim to improve the
doppelganger classifier via expanded and diversified training
data (Sec. 3.1), and leveraging geometric 3D features learned
from pairwise reconstruction [16] (Sec. 3.2). We further pro-
pose an approach to quantitatively evaluate the correctness
of SfM results in term of doppelgangers (Sec. 3.3), instead
of manual inspection adopted in previous work.

3.1. The VisymScenes dataset

Cai et al. [3] introduced the Doppelganger dataset, built
on global landmarks photos sourced from Wikimedia Com-
mons, with viewing direction (e.g., North, South) to identify
doppelganger image pairs. While the classifier trained on
this dataset proved effective, we find that it struggles to
generalize well to scenes beyond the dataset’s domain.

We enhance and expand their training set to improve the
robustness of doppelganger classification, by incorporating
casually captured images from a wider range of scenes. To
ensure sufficient diversity in the dataset, we introduce the
VisymScenes dataset. VisymScenes consists of 258K ground
images with GPS/IMU metadata, recorded at 149 sites in 42
cities and 15 countries, collected with the Visym Collector

Platform [2] (details in supplementary). Each image is ac-
companied by metadata, such as GPS coordinates, device
compass direction, and intrinsic camera calibration. While
this metadata can be noisy, it still provides valuable infor-
mation for identifying potential doppelganger pairs. For
example, if two images exhibit numerous geometrically con-
sistent local feature matches yet were taken from distant
locations, this serves as strong evidence that the pair is likely
to be a doppelganger. Examples are shown in Fig. 2.

We develop a series of filtering rules applied to all
matched image pairs identified by the COLMAP feature
matching module [23]. Note that these rules are designed
according to the capture style of the Visym Collector, where
cameras consistently focus on the scene of interest and main-
tain a reasonable distance from it. For a given pair of images,
we use the (metric) distance between the camera centers r,
angle between their viewing directions , and camera intrin-
sics K, all derived from camera metadata, to identify confi-
dent negative (doppelganger) and positive (correct match)
pairs. To identify confident negative pairs, we first identify
spatially distant matching pairs, and classify them as doppel-
gangers. Then, we classify the remaining (nearby) pairs into
three cases: the intersection point of the viewing directions
is 1) in front of both cameras, 2) behind both cameras; or
3) in front of one camera and behind the other. For case 1),
we label pairs with very large view angles (e.g., > 160 ) as
negative, since they likely capture different 3D surfaces or
mostly non-overlapping content. For case 2), if their view
angle exceeds the diagonal field of view, then their view
frustums are unlikely to overlap, so we label them as dop-
pelgangers. For case 3), we check for frustum overlap using
camera intrinsics; if no intersection is detected, the pair is
considered a doppelganger. A similar series of rules are de-
signed for mining positive pairs (i.e., true matches). Details
of computing view intersection and filtering algorithms for
both negative and positive pairs can be found in the supple-
mentary. With these rules, we mined in total 53K positive
and negative pairs across 33 sites for our doppelganger task.

3.2. Improved Doppelganger Classifier

Recent advances in data-driven models [16, 29] have demon-
strated impressive results in geometric vision tasks. In our
work, we leverage the multi-level, 3D-aware features ex-
tracted from the MASt3R model [16] to train a doppelganger
classifier on labeled image pairs, as demonstrated in Fig. 3.

Equipped with large-scale training data and a ViT back-
bone, the MASt3R model captures an image representation
that encodes rich 3D geometric information between paired
images. However, as MASt3R was originally trained to
detect correspondences and similarities, its point maps of-
ten conflate doppelganger pairs, yielding incorrect point
clouds and poses for these challenging pairs (examples in
Fig. 7). Despite this limitation, we find that the internal
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Figure 2. VisymScenes examples. This new dataset includes residential areas, landmarks, historical sites, business districts, and more. Here,
we present four example sites. The top row shows subsets of images captured within each site. The bottom row displays pairs of visually
similar but geographically distinct images from each site along with their recorded geolocations on a map. These examples demonstrate that
doppelganger issues are prevalent in everyday scenes, presenting significant challenges for reliable 3D reconstruction and image matching.

Figure 3. Model design. (Left) Given an image pair, we first create a symmetrized version of the pair and feed it into the frozen MASt3R
model. Multi-layer features are extracted from each decoder branch, concatenated, and fed into two learnable doppelganger classification
heads. Each head generates predictions (pred‘gq; predgp); v 2 T1; 2g (where pg and qp denote the symmetrized image pair), supervised by
cross-entropy loss. (Right) We use multi-layer decoder features and a Transformer-based classifier head for doppelganger prediction.

features learned by MASt3R contain sufficient information
for doppelganger classification without the need to fine-tune
MASt3R’s weights. Moreover, given that the amount of
available training data for the doppelganger task is dwarfed
by the amount of data used to train MASt3R, we opt not
to fine-tune the entire model, but instead repurpose these
internal features by training an additional output head to
predict a doppelganger classification score. In Sec. 4.5, we
empirically demonstrate that this choice achieves compara-
ble or better visual disambiguation performance, especially
on out-of-domain scenes.

Multi-level decoder features. For an image pair (1 5; 1), we
extract multi-level decoder features from MASt3R’s decoder
branches. MASt3R takes two images as input, and uses
two intertwined decoders DecBIk* and DecBIk? to decode
encoded features H* = Enc*(l ,) and H? = Enc?(l 4). Each
decoder has B blocks, and attends to tokens from the other
branch:

f! = DecBIki it ;f2 1 ;7= DecBIK? 2 1;fl 1 ; (1)

where f denotes the output tokens from the i-th block of
the v-th branch. These two branches exchange information
to capture the spatial relationships between viewpoints and
the global 3D structure of the scene. For each branch v, we
concatenate the encoder feature HY and the tokens from the
decoder blocks into F¥ = concat(HY; ff Yg2_,'), which
captures rich, multi-level spatial correspondence information
between image pairs.

Transformer-based classification heads. MASt3R treats
one image as the reference frame and projects the other im-
age into that reference frame. A consequence of this design
is that the reconstructed 3D scene for input pair (I p; I q) is
distinct (or at least, must be in a different coordinate frame)
from that of (I4;1p). Inspired by the asymmetric design,
we propose to 1) use separate Transformer heads: We in-
troduce two independent, Transformer-based classification
heads Headg,,,, and HeadZ,,, to process F* and F2 respec-
tively; and 2) symmetrize image pairs such that the model
evaluates both (1,;14) and (14;1,) to decide whether the
given pair of images are true match or not. Thus, we end up
with four scores for each image pair:

pred; = Headgopp (Fy);u 2 fpg; qm; v 2 1,29 (2)

Essentially, the two heads serve as expert evaluators, each
examining how likely the image pair is to be a true match
(or doppelganger) from different aspects, and switching the
input order allows the model to analyze the spatial rela-
tionships from both directions. We empirically show the
effectiveness of this design in Sec. 4.5. Both Headéopp and
Headﬁopp are supervised by the cross-entropy loss, encour-
aging S = fpred},g to all give high probabilities for positive
matches and low probabilities for negative ones.

Test-time voting. At test time, we combine the four scores S

via a voting mechanism to make a final decision. Specifically,
if the majority of the heads predict that the pair is a positive



match, we take max (S) as the final score for the image pair.
Conversely, if the majority of the heads vote for a negative
match, min (S) is used as the final score. Otherwise, we av-
erage the scores from the four heads. This approach ensures
that the final decision reflects the strongest evidence support-
ing the consensus among the heads and thereby improves the
reliability of the classifier. Eq. 3 elaborates on this voting
mechamsgn. b
2 max(S) if p
Stinal = S min( S) if

" mean(S) if

P
s2s 1(s < 0:5);
s2s 1(s < 0:5);
s2s 1(s < 0:5):
®)

sog 1(s > 0:5) >
25 1(s > 0:5) <
s25 1(s > 0:5) =

3.3. Evaluating Doppelganger correction in SfM

There is currently no reliable benchmarking method for
evaluating the accuracy and correctness of SfM reconstruc-
tions specifically in terms of how well they address the
doppelganger issue. Prior work [3] relied on manual in-
spection of each out model to assess the effectiveness of
their approach—a time-consuming, unquantifiable, and po-
tentially error-prone process. In our work, we propose a
benchmarking method for qualitatively evaluating recon-
structed models with respect to doppelgangers. We leverage
mapping sites like Mapillary, which provide images with
location metadata that can serve as probes for validating a
3D model. Note that our method targets common scenar-
i0s where geotags are unavailable, or so noisy as to not be
useful. Therefore, we do not consider the use of geotags
for the reconstruction task itself—we explore pure visual
disambiguation—Dbut instead gather them from specialized
sources for ground truth evaluation.

Specifically, for a given scene with known geolocation,
we acquire from Mapillary a set of nearby geo-tagged im-
ages and register them to the reconstructed model with
COLMAP [23]. We then apply RANSAC to robustly es-
timate a similarity transformation between the registered
camera positions and their corresponding image geolocation
metadata (converted to ECEF coordinates). We use the re-
sulting RANSAC inlier ratio as an indicator of the model’s
correctness. As an example, in Fig. 4, we can observe that
before correction, the registered cameras and their geolo-
cations show significant misalignment, with the cameras
collapsing to one side due to similar-looking surfaces. After
correction, the registered cameras align closely to their true
geolocations, indicating that doppelganger pairs are correctly
separated in the model. If the model is split into multiple
components, we calculate the weighted average of inliers
ratios among the components:

|
IR Ti _ PiNzl'i.

IR= .IT PN—T —Pﬁr (4)
i=1 ! j=1'i i=1 i

where | is the number of RANSAC inliers and T; is the
number of registered Mapillary images in the i-th compo-

Figure 4. Evaluation of doppelganger correction in SfM. (Top)
We first collect sequences of geo-tagged Mapillary images around
the target location and register them to the SfM model. Then, we
use RANSAC to align the registered cameras and their geolocations.
The inlier ratio is computed as an indicator of model accuracy. (Bot-
tom) In the model corrupted by doppelganger pairs, the registered
cameras all collapse to one side. We see that the camera poses
estimated with COLMAP (right, in red) do not align well with the
geotags (green), leading to a low inlier ratio, but our method leads
to a much closer alignment.

nent. While alignment error could also serve as a metric,
we opt to use the inlier ratio to reduce sensitivity to geolo-
cation inaccuracies, as image geolocations may not always
be precise. This strategy can also be used to detect broken
reconstructions from datasets like MegaScenes [26], which
contains over 100K SfM results from Internet photos around
the world.

4. Experiments

4.1. Experimental setup

Dataset. Our training set is comprised of the Doppelganger
dataset [3] (dubbed DG) and the new VisymScenes dataset.
Specifically, the DG training set includes 73K image pairs,
nearly evenly split between positive and negative pairs. From
VisymScenes, we use 47K image pairs across 26 sites as
training data, evenly split into positive and negative pairs.
We evaluate on two tasks, 1) pairwise image visual dis-
ambiguation and 2) scene reconstruction by integrating our
classifier into COLMAP [23]. For pairwise image visual
disambiguation, we utilize the DG test set, and mined an
additional 3,180 pairs from 7 Visym sites (distinct from the
26 training sites), equally divided into positive and negative
pairs. Additionally, we created a test set from the Mapillary



Street-Level Sequences dataset [30]. This Mapillary dataset
spans diverse urban and suburban environments and captures
a wide range of seasons, weather conditions, cameras, light-
ing, and structural settings, with each image geo-tagged by
GPS and compass angle. Using a similar filtering approach
to the VisymScenes dataset, we mined 1,500 positive and
1,500 negative pairs as an out-of-domain test set.

For the scene reconstruction task, we evaluate on 16
scenes sampled from Heinly et al. [12], Wilson et al. [31],
MegaScenes [26] and 5 VisymScenes test scenes. These
scenes are challenging for conventional SfM pipelines as
well as prior disambiguation methods due to subtle differ-
ences between distinct surfaces and repetitive patterns.

Metrics. For pairwise visual disambiguation evaluation, we
report Average Precision (AP) and ROC AUC scores, follow-
ing the protocol in [3]. Additionally, we report precision at a
fixed recall and recall at a fixed precision. These statistics
help characterize a model’s trade-off between achieving high
precision and potentially missing true positives.

To comprehensively evaluate SfM reconstructions, we
report the number of images in the SfM results, and the geo-
alignment inlier ratio described in Sec. 3.3. Respectively,
more images in the SfM model imply less false pair prun-
ing, i.e., better class separation; and a higher geo-alignment
inlier ratio suggests that the reconstructed model is more
likely to be accurate and complete. Note that the inlier ratio
is also influenced by the accuracy of the geo-tagged images
collected from Mapillary. Thus, if one test scene has more
accurate geo-tagged images than another, it is likely to yield
a higher inlier ratio. Therefore, rather than comparing in-
lier ratios across different scenes, this metric is more useful
for evaluating different reconstruction methods on the same
scene, as the same set of geo-tagged images is used.

Baselines. Our primary baseline is [3], as their learning-
based approach consistently outperforms heuristic-based
methods like thresholding on the number of post-RANSAC
inliers (e.g. SIFT [17]+RANSAC [9], D2-Net [8]+RANSAC,
SuperPoint [6]+SuperGlue [22]) for pairwise visual disam-
biguation; and is also superior than previous approaches [5,
12, 31, 32] for SfM disambiguation.

4.2. Implementation

Model details. Our doppelganger classifier head Headgopp
is implemented with a Transformer encoder comprised of 3
layers, each with input and output dimension of 768. Each
layer has 8 attention heads and a two-layer feed-forward
network with a hidden dimension of 2048. Pre-layer nor-
malization and residual connections are applied within each
layer. The transformed tokens are aggregated via max pool-
ing and linearly projected into pred”. We freeze the weights
of the public MASt3R [16] model and only train the two
doppelganger classification heads, supervised by a cross-
entropy loss. We train for 5 epochs with a batch size of 8

using Adam [15] with a learning rate of 1 10 4. More

details can be found in the supplementary.

Integration with SfM. Following [3], we integrate Doppel-
gangers++ into SfM to enhance its disambiguation ability.
SfM takes a collection of images 1 = fl;g{L, and generates
geometrically verified image pairs P = (I p; 14)g, forming
a scene graph G = (1; P) with images as nodes and pairs
as edges. Using G, SfM computes camera poses and recon-
structs a 3D point cloud. Our doppelganger classifier acts
as a filter on edges in G, removing pairs below a probability
threshold  to eliminate spurious matches due to repeated
or symmetric structures. We integrate Doppelgangers++
into both COLMAP [23] and MASt3R-SfM [7] to showcase
the effectiveness of the method. Notably, with COLMAP,
SIFT features are computed for scene graph construction and
MASt3R features for pruning; whereas with MASt3R-SfM,
MASt3R features serve for both scene graph construction
and pruning, forming a more efficient pipeline.

4.3. Pairwise Visual Disambiguation

We compare our approach with the original Doppelganger
work [3] (dubbed DG-OG) under two experimental settings:
1) we use the same training data as in [3], i.e. the DG train-
ing set, to train our model. Both models are evaluated on
three benchmark test sets: DG, VisymScenes, and Mapillary.
Under this configuration, the DG test set is in-domain, while
VisymScenes and Mapillary are out-of-domain scenarios; 2)
we expand the training data by including the new Visym-
Scenes training set and retrain both DG-OG and our model.
Evaluation is conducted on the same three test sets, with
only the Mapillary test set being out-of-domain this time.
Quantitative results are in Tab. 1. Under the first setting,
where both methods are trained on DG, our model shows
clear improvements across all three test sets. Specifically,
on the in-domain DG test set, our model achieves higher AP
and ROC AUC, indicating that it maintains high precision
across all recall levels, while also being less sensitive to the
decision threshold  with better class separation. On the
out-of-domain test sets (VisymScenes and Mapillary), we
observe 25% to 65% improvements in both AP and ROC
AUC, highlighting the generalizability of our method.
Although our model demonstrates improved performance
even when trained solely on the DG dataset, its precision
outside of the training domain is suboptimal for practical use
in SfM, where high precision is essential. In the second set-
ting, we expand the training set by including VisymScenes
data. Both methods maintain similar performance on the
DG test set, with our model experiencing a slight drop in
recall when precision is set to 0:99. On the VisymScenes
test set, both models show improvements across all metrics,
with ours reaching 99% in both AP and ROC AUC. Notably,
adding VisymScenes to the training set does not enhance
DG-0G’s performance on the out-of-domain Mapillary test
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Figure 5. SfM Disambiguation on MegaScenes [26]. (White background) SfM results from DG-OG [3] and ours. (Black background)

Verification using geo-tagged images, red points represent registered cameras and

points represent geolocations, inlier ratio (IR) is

labeled on the bottom right. DG-OG fails to disambiguate this scene, predicting incorrect scores for image pairs. Our method correctly splits

the model into two clean components.

Figure 6. SfM disambiguation on VisymScenes. We show that
our classifier is more robust than DG-OG [3] on test scenes from
new domains, like everyday street scenes. DG-OG has difficulty
disambiguating such scenes, leading to incorrect geometry.

Metrics (trained on DG / trained on DG + VisymScenes)
AP" ROC AUC"  Prec@Recall=0.85" Recall@Prec=0.99"

DG-OG 0.954/0.956 0.944/0.947 0.901/0.910 0.611/0.614
Ours 0.980/0.981 0.981/0.981 0.972/0.982 0.690/0.642
DG-OG 0.816/0.938 0.726/0.921 0.498/0.831 0.340/0.623
Ours 0.936/0.991 0.909/0.990 0.892/0.999 0.542/0.901

DG-OG 0.566/0.692 0.581/0.701 0.523/0.572 0.003/0.000
Ours 0.950/0.968 0.944/0.958 0.927/0.942 0.310/0.736

Test Data Method

DG

VisymScenes

Mapillary

Table 1. Evaluation of pairwise disambiguation. We evalu-
ate DG-OG [3] and our method trained on DG [3] only and DG
+VisymScenes (two numbers per cell) on three test sets. Both DG-
OG and ours benefit from dataset expansion, whereas ours gained
more generalizability on out-of-domain test set (Mapillary) after
training on both. Our classifier constantly demonstrates better pre-
cision, recall across all settings.

set, while ours continues to benefit from increased training
diversity. These results indicate that the prior approach strug-
gles to generalize effectively, whereas ours shows greater
generalization with more varied training data.

4.4. Structure from Motion disambiguation

We integrate our classifier trained on DG and VisymScenes
into COLMAP’s SfM pipeline [23], and evaluate its perfor-
mance on reconstructing scenes with duplicated and symmet-

ric structures. We compare the results with vanilla COLMAP
and Cai et al. [3] (DG-0OG). Quantitative results are pre-
sented in Tab. 2. Our approach registers more images across
all scenes than DG-OG and operates without threshold tun-
ing. In contrast, DG-OG relies on scene-specific thresholds,
such as = 0:97 for the Church on Spilled Blood to cor-
rectly separate both sides of the church, and = 0:6 for
Ponte di Rialto [26] to avoid over-segmentation and main-
tain completeness. Notably, DG-OG fails to disambiguate
Belvedere (Vienna), while our method succeeds with a con-
sistent threshold (= 0:8 across all scenes). Our approach
also consistently achieves a higher inlier ratio than the base-
lines, indicating greater accuracy and completeness in the
reconstructed models. As an example, we qualitatively show
the results of reconstructing Belvedere (Vienna) in Fig. 5,
along with verification results using geo-tagged images.

We also evaluate on scenes from the VisymScenes test set.
Since VisymScenes images come with geolocation metadata,
we do not need additional Mapillary images; instead, we
directly compute the inlier ratio between SfM camera posi-
tions and the geolocation metadata after RANSAC. Results
show that our model effectively prunes spurious pairs and
improves the reconstructed model quality, whereas DG-OG
sometimes fails to distinguish doppelganger pairs. Fig. 6
shows examples where DG-OG encounters difficulties.

In Fig. 7, we show that while MASt3R’s features are pow-
erful, MASt3R-SfM is not free from doppelganger issues.
Although our classifier was trained on image pairs mined
through COLMAP’s feature matching module (i.e. w/ SIFT
features), it effectively prunes incorrect matches generated
by MASt3R, restoring accurate reconstruction results.

4.5, Ablation

In this section, we study the effectiveness of our designs
from the following aspects: 1) fine-tuning the entire model
(vs. only new heads), 2) one classification head (vs. two












