MERG3R: A Divide-and-Conquer Approach to Large-Scale Neural Visual
Geometry

Supplementary Material

In this supplementary material, we first present additional
qualitative reconstruction results in Section 7. Section 8
showcases example reconstructions from large-scale scenes,
highlighting the superior scalability of our approach. In
Section 9, we provide per-scene metrics and trajectory vi-
sualizations for the Tanks & Temples dataset. Section 10
compares point-cloud reconstructions from individual sub-
sets with our full reconstruction, illustrating the necessity of
partitioning the input images. Finally, Section 12 describes
implementation details of our method.

7. Reconstruction Gallery

We present additional qualitative reconstruction results on
various scenes from Tanks & Temples [16], 7-Scenes [29],
and UrbanScene3D [18] in Fig. 8. MERG3R consistently
produces robust and detailed reconstructions across both
large indoor and outdoor environments. For visualization
clarity, we downsample the point clouds and filter points
by confidence. We also demonstrate the performance of
MERGS3R on dynamical scenes from internet videos in
Fig. 9.

8. Results on Large Scale Dataset

To demonstrate our method’s scalability beyond 1,000 im-
ages, we evaluate it on two long sequences from Zip-NeRF
[4] with approximately 1500 images and 1900 images re-
spectively, as shown in Fig. 10. We use the raw Zip-NeRF
images directly, which depict complex real-world environ-
ments spanning both indoor and outdoor scenes. Compared
to the datasets used in the main text, adjacent views in these
sequences exhibit substantially less overlap, and the indoor
subsets in particular feature challenging spatial layouts with
significant geometric complexity. Because 7 is unable to
process such large numbers of images, we uniformly sub-
sample each dataset to 500 images for a fair comparison, and
set our method’s subset size to 500 images accordingly. As
illustrated, when presented with large and complex scenes,
73 fails to reconstruct the full environment, losing signif-
icant structural details and geometric consistency. In the
second dataset in particular, 73 incorrectly merges two dis-
tinct rooms, resulting in severe overlapping artifacts. In addi-
tion, we tested 73 with our proposed bundle-adjustment step;
however, because the initial 3D prior is already severely de-
graded, the refinement yields minimal visible improvement.

For large-scale datasets with more than 1,000 images,
the simple interleaving scheme may select images that are
too distant in DINO feature space, resulting in subsets that
contain disjoint views and degrade local reconstruction. To

address this, after forming the pseudo-video, we refine the
interleaving step by searching forward along the sequence
for the next image whose (precomputed) DINO similarity to
the previously selected image falls within the range 0.5m to
0.95m, where m is the median similarity score with respect
to the last chosen image. Once such an image is found, it
becomes the new reference point, and the process repeats.
This produces the refined sequence P described in Sec. 3.2.
We then apply the sliding-window grouping to form sub-
sets. This procedure avoids selecting images that are overly
dissimilar or spatially far apart, ensuring that each subset
remains locally coherent.

9. Additional Results

We provide the detailed per-scene comparison on Tanks &
Temples for MERG3R and the baselines. Shown in Table 10
and Table 11, we outperformed the base model and the other
baselines on almost every scene.

In addition, we present qualitative trajectory visualiza-
tions for all scenes in the Tanks and Temples dataset (Fig. 14).
Each row corresponds to one scene, and each column cor-
responds to a model. Across scenes, our method produces
trajectories that closely follow the ground truth and consis-
tently match or surpass the accuracy of all baselines. These
results show that our improvements hold not only in aggre-
gate metrics but also in individual scenes

10. Subset Reconstruction Results

In Fig. 11, we visualize the 3D reconstruction results for each
subset, along with the final merged reconstruction. Each sub-
set captures only a partial portion of the scene, highlighting
the need to divide truly large-scale environments into man-
ageable subsets and subsequently merge them to obtain a
globally consistent reconstruction.

11. Splitting Robustness Analysis

We further investigate the robustness of the DINO feature
similarity used for sequence construction. We conduct a per-
turbation experiment by randomly inserting outlier frames
from other scenes into a sequence and quantitatively an-
alyzing the resulting DINO similarities. Specifically, we
plot histograms of similarity scores for valid—valid pairs
and valid—distractor pairs. As shown in Figure 13, the two
distributions are clearly separated, indicating that DINO
similarity reliably distinguishes outlier frames and supports
robust pseudo-video rearrangement. Figure 12 illustrates
an example sequence with randomly inserted frames along-
side its rearranged counterpart, where the outlier frames are



effectively pushed to the end of the sequence.

12. Implementation Details

We report all hyperparameters used in our experiments. For
bundle adjustment, we set the initial learning rate to 3 x 10~3
and optimize for 300 iterations using a cosine-annealing
schedule. For subset alignment, we retain only points whose
confidence exceeds the 70th percentile. For tracking, we
perform direct matching across at most five frames, extract
up to 4,096 keypoints per image, and apply a reprojection
error threshold of 8 pixels during geometric verification.

13. Limitations

Although MERG3R demonstrates strong scalability and im-
proved accuracy on existing benchmarks, several limitations
remain. First, the method may degrade when viewpoint
changes between input images are extremely drastic. In such
cases, feature correspondences become sparse or unreliable,
which can lead to fragmented reconstruction or unstable pose
estimation. This issue is particularly pronounced in large-
scale indoor scenes with wide baselines or severe occlusions.
MERGS3R typically performs better on outdoor scenes. Sec-
ond, the DINO similarity—based splitting heuristic assumes
that feature similarity provides a reliable proxy for geometric
consistency. When scenes contain large textureless regions
or overly similar images from different places, DINO em-
beddings may become less discriminative. This can result
in suboptimal clustering, where geometrically related im-
ages are split across different groups or unrelated images
are merged together. Consequently, local reconstructions
may lack sufficient overlap, negatively affecting downstream
global alignment.
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Figure 8. Qualitative examples of 3D reconstructions on various indoor and outdoor scenes from Tanks & Temples [16], 7-Scenes [29]
and UrbanScene3D [18]. MERG3R produces high-quality, detailed reconstructions that preserve fine geometric structure and maintain
global consistency.
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Figure 9. Qualitative examples of 3D reconstructions on dynamical scene from internet videos.
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Table 10. Per-scene camera pose evaluation results (ATE, RRE, RTE) across methods for the Tanks & Temples dataset.
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Table 11. Per-scene camera pose evaluation results (RRA, RTA, AUC) across methods for the Tanks & Temples dataset.
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Figure 10. Qualitative comparison of 3D reconstructions on large scale dataset. MERG3R achieves consistently better performance on
the Zip-NeRF [4] scenes (Berlin). The input sequence is the original ordering before splitting.
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Figure 11. Visualization results for each subset. Our full reconstruction faithfully recovers the entire house, while each individual subset
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Figure 12. A sample sequence from Zip-NeRF dataset with randomly inserted frames from other scenes (above). The reordered sequence

captures only partial and fragmented portions of the scene.
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Figure 13. Histograms of two pair types (valid—valid vs. valid—distractor). The clear separation between the distributions demonstrates the

robustness of DINO similarity for detecting outlier frames.
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Figure 14. Qualitative pose estimation results for all scenes in the Tanks & Temples dataset.
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