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We refer readers to the interactive visualizations at our
project page that show randomly-selected results for all
three 3D foundation models (pre-trained and fine-tuned) on
the relative rotation estimation and the dense reconstruc-
tion test sets. In this document, we provide details regard-
ing our proposed benchmark (Section 1), additional imple-
mentation details (Section 2) and provide additional exper-
iments and results (Section 3).

1. The MegaUnScene Benchmark

We first provide additional details relating to the curation of
MegaUnScene (Section 1.1). We then provide information
on how we construct our three test sets: UnScenePairs (Sec-
tion 1.2), UnScenePairs-t (Section 1.3), and UnSceneRecon
(Section 1.4).

1.1. Initial Curation

We provide additional details on the benchmark con-
struction pipeline for MegaUnScene. First, we describe
our construction pipeline, organized in four subsections:
identifying scenes, sparse reconstruction, obtaining depth
maps, and ensuring unseen scenes. Finally, we summarize
MegaUnScene’s overall scene statistics.

Scene identification. We first identify candidate scenes,
each corresponding to an image collection, that we want to
reconstruct. As mentioned in the main paper, we follow the
MegaScenes [19] dataset curation pipeline to find scenes
and their corresponding image collection from Wikimedia
Commons and its sister site, Wikidata. In order to avoid
scene overlap with the MegaScenes dataset, we query Wiki-
data with different high-level classes than in those used in
MegaScenes. We filter out all Wikimedia Commons cate-
gories whose names intersect with MegaScenes, as category
names are unique. This results in approximately 340,000
candidate scenes. For each scene, we follow MegaScenes
and download images from all Wikimedia Commons sub-
categories with a max depth of four.

Sparse Reconstruction. We then reconstruct each candi-
date scene with at least 50 images using Doppelgangers++
(DGPP) [24] integrated with MASt3R-SfM [5] as men-
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tioned in the main paper. In this pipeline, MASt3R [10] is
used for image retrieval and matching, followed by match
pruning using the DGPP classifier with a threshold of 0.8.
We use COLMAP [16] for incremental SfM, manhattan-
world alignment, and image undistortion. As Internet pho-
tos are noisy, not all images in the scene’s image collection
are registered to a reconstruction; thus we filter again for
reconstructions that contain at least 50 images.

Obtaining Depth Maps. We obtain semi-dense depth
maps with COLMAP’s stereo fusion [17]. As described
in MegaDepth [1 1], multi-view stereo depth maps typically
contain artifacts from reconstruction ambiguities, especially
on unconstrained internet photos. We clean these depth
maps by following the same depth refinement protocol in
MegaDepth. The protocol is slightly modified by replacing
the PSPNet [27] segmentation model with the more recent
SegFormer [25] in the semantic filtering step. For more de-
tails, please refer to Algorithm 1 of MegaDepth’s supple-
mentary material.

Ensuring Unseen Scenes from MegaScenes. As a post-
processing step after reconstruction, we check for image
conflicts between MegaUnScene and MegaScenes’s base
9M image set (a superset of MegaScenes’ 2M image sub-
set that is reconstructed). This is possible as Wikimedia
Commons ensures that each image has a unique filename.
We only use MegaUnScene reconstructions with no im-
age conflicts for UnSceneRecon, and reconstructions with
less than 10% image conflict for both UnScenePairs and
UnScenePairs-t. For UnScenePairs, we only select image
pairs where neither image intersects with MegaScenes. For
release, we note all conflicting images registered to recon-
structions.

Ensuring Unseen Scenes from MegaDepth. We also
check for scene overlap with MegaDepth [1 1], a commonly-
used training set for 3DFMs that shares MegaUnScene’s
source of internet imagery. First, we sample ten images
from each MegaUnScene scene. Then, we use Mega-
Loc [2], an image retrieval model, to find the ten clos-
est MegaDepth images to each MegaUnScene query im-
age. We manually inspect all scenes to filter out overlapping
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scenes.

Benchmark statistics. From the dataset curation pipeline,
we identify 758 reconstructions across 658 scenes with
> 50 images and < 10% image overlap with MegaScenes.
Of these, we release 478 reconstructions across 469 scenes
to be used for evaluation in our three new test sets: Un-
ScenePairs, UnscenePairs-t, and UnSceneRecon. A break-
down of dataset statistics is provided in Table 1.

1.2. UnScenePairs Test Set

Prior work [3] introduced the wELP (“in-the-wild” Extreme
Landmark Pairs) test set curated from MegaDepth [11].
However, all three 3D foundation models that we fine-tuned
were pretrained on MegaDepth. To provide evaluation on a
distinct data source but in the same camera-centric distri-
bution, we follow the same pipeline to filter image pairs on
MegaUnScene.

As introduced in our paper, the pipeline identifies im-
age pairs with negligible translation and predominant ro-
tation using mutual K -nearest neighbor graphs (K = 5)
constructed from the distances between camera translation.
Mutual neighbors ensure that only pairs that are consistently
close in translation space are preserved. Each surviving im-
age pair is then assigned an overlap level (Large, Small, and
None) with the following algorithm:

Given the relative rotation matrix R between two cam-
eras and their respective FoVs, the overlap category o is de-
termined by:
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where v and 3 denote the relative yaw and pitch angles ex-
tracted from R using Euler decomposition.

After the pipeline, we manually review all selected pairs
and removed those affected by motion blur, occlusions, or
insufficient geometric structure. The resulting UnScene-
Pairs statistics is shown in Table 1.

1.3. UnScenePairs-t Test Set

As discussed in our paper, we also construct UnScenePairs-
t from MegaUnScene with the same pipeline but use
K = 50 mutual nearest neighbors to evaluate performance
on pairs with larger camera translations. We then im-
plement correspondence-based verification using Doppel-
gangers++ [24] + MASt3R-SfM [5]’s reconstructed geom-
etry and checking the verified inlier matches.

Additionally, with larger camera translations included
as a consequence of setting K = 50, the same scene
structure may appear at vastly different scales depend-
ing on camera-to-scene distance, where a telephoto lens

Table 1. MegaUnScene Statistics. Statistics for our benchmark
and three MegaUnScene test sets: UnScenePairs, UnScenePairs-t,
and UnSceneRecon. For UnScenePairs, and UnScenePairs-t, we
report the number of image pairs extracted for each overlap level.
For UnSceneRecon, we report the number of reconstructions. At
the bottom, we summarize the total number of unique MegaUn-
Scene scenes and reconstructions across the three test sets.

#Pairs
Subset # Scenes K Large Small None Total
UnScenePairs 451 5 1,855 1,223 776 3,854
UnScenePairs-t 380 50 1,122 520 756 2,398
Subset # Scenes # Recons Notes
UnSceneRecon 96 100 Human-annotated metric scale
Overall # Scenes # Recons Notes
MegaUnScene 469 478  Counts after de-duplication

from afar and a wide-angle lens nearby could capture
the same 3D structure at incompatible image resolu-
tions. To ensure scale consistency, we extend the ba-
sic FoV threshold with three criteria: (1) both horizon-
tal and vertical FoV differences below 15° independently,
(2) focal length ratio max(fl, f2)/min(f}, f2) < 2.5
to catch zoom differences, and (3) image resolution ra-
tio max(wi h1, wahs)/ min(wq hy, wahs) < 3.0 to prevent
sensor size discrepancies from obscuring focal length mis-
matches.

Finally, similar to UnScenePairs filtering, we also man-
ually inspected UnScenePairs-t and removed noisy image
pairs. Statistics are shown in Table 1.

1.4. UnSceneRecon Test Set

We construct a user interface for human annotators to anno-
tate each reconstruction, as depicted in Figure 1. Annotators
are first instructed to visually assess reconstruction quality
to see determine if the reconstruction is realistic based on
the images; they label the reconstruction “good” or “bad”
accordingly. If a reconstruction is good, they are instructed
to draw a line on the reconstruction, find the corresponding
points on Google Maps in satellite view, and annotate the
metric scale (as shown on Figure 1). In practice, we instruct
annotators to only label one line to estimate the metric scale.
From this process, we label 100 reconstructions across 96
scenes with metric scale annotations, as shown in Table 1.

2. Implementation Details

We first describe how we select backbone layers for fine-
tuning (Section 2.1), then outline the construction of the
training set (Section 2.2), followed by our training configu-
ration (Section 2.3), and finally provide the full evaluation
protocols used across all tasks (Section 2.4).
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Figure 1. UnSceneRecon Reconstruction Annotator. We show the annotator webpage on MegaUnScene’s Krzyztopér Castle scene (left)
and its corresponding Google Maps satellite view (bottom right). At the top-left of the viewer, we depict a randomly sampled set of 10
images. On the bottom-left, we show the corresponding 3D model from unprojecting the depths of these 10 images in the global coordinate
frame. On the top right of the page, annotators label whether the reconstruction is good or not, and also make a metric estimate of the
reconstruction. The metric estimate is done by drawing a line on the reconstruction (shown at the bottom-left, at the top of the building’s
3D model in red), measuring the corresponding distance in Google Maps (shown on the bottom right), and pasting the measurement in the
corresponding field on the top-right of the viewer. In this example, the annotator labeled “Yes” that the reconstruction is good, and that the
annotated red line is 27.14 meters. We provide links to the Wikimedia Commons page, as well as a Google Maps page that searches the
scene name, to help annotators identify the correct location on Google Maps.



2.1. Backbone Layer Selection

To quantify the degree of representational change between
neighboring backbone layers, we follow the layer similarity
pipeline conducted by prior work [7] and run forward passes
on ten image pairs, measuring the similarity between the in-
put and output token representations of each layer. The in-
put and output tokens Til" and T{" correspond to either the

frame tokens Tg;me or the global tokens Tgjobal, as defined
in the method section. For a layer [, we compute the cosine
similarity:
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We run the pipeline on the frame and global atten-
tion blocks of VGGT, WorldMirror (WM), and 7% sepa-
rately, and the resulting similarity curves are shown in Fig-
ure 2. As can be observed in the figure, the curves of WM
and VGGT exhibit similar similarity drops, which is ex-
pected given that WM inherits both the architecture and
weight initialization of VGGT. We also find that the sim-
ilarity drop regions—where the curve shows a pronounced
decline—coincide with the intermediate layers commonly
used for dense predictions, namely layers 4, 11, 17, and 23.
We therefore adopt this fixed set for these models.

For 73 which doesn’t include such skip connections, we
select layers by detecting local minima in the similarity
curve (using peak detection on the inverted signal) and ex-
panding around each minimum to include adjacent layers
with low similarity scores. This ensures that both the most
transformative layers and their contextually relevant neigh-
bors are captured. The selection criterion is defined as:
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where M is the set of detected local minima, s and o are
the mean and standard deviation of similarity scores, and
é controls the neighborhood expansion radius. In practice,
we use & = 2. This yields a selected subset which includes
frame layers 4, 12-16 and global layers 13-15.

2.2. MegaScenes Train Set

For the train set, we use the same pipeline described in Sec-
tion 1.2 with K = 50 to filter image pairs from scene-level
COLMAP reconstructions in MegaScenes [19] and employ
a balanced subsampling strategy to ensure uniform pair se-
lection across overlap categories. We first cap each scene
at a maximum of 40 pairs to prevent scene-level bias, then
subsample to achieve exact balance across the three overlap
categories. The final train set contains 64,584 image pairs
(21,528 for each overlap category) across 3,284 scenes.

2.3. Training Details

We use the same training configuration for all three models.
Training is performed with the AdamW optimizer using a

learning rate of 5x 10~° and a weight decay of 1x10~%. We
train on four NVIDIA RTX A6000 GPUs in a distributed
setting with a per-GPU batch size of 1. For each selected
layer, we update only the bias parameters in the attention
and MLP modules—specifically, the biases of the query—
key—value projection (attn.gkv.bias), the attention output
projection (attn.proj.bias), and the two MLP fully connected
layers (mlp.fc1.bias and mlp.fc2.bias). To stabilize training,
we apply gradient clipping with a maximum norm of 1.0 to
mitigate gradient explosion.

Additionally, for the ablation checkpoints that unfreezes
both weights and biases of a backbone layer or the camera
head, we apply LoRA [8] with rank = 24, alpha = 48, and
dropout = 0.1 for parameter efficient fine-tuning.

2.4. Evaluation Protocols

In this subsection, we provide additional details on our eval-
uation protocols and settings.

General Evaluation Settings. For all non-ablation eval-
uations, the base models we use for VGGT, WorldMirror,
and 73 are the publicly available checkpoints from Hug-
gingFaceHub with the following names:

* facebook/VGGT-1B
* tencent/HunyuanWorld-Mirror
e yyfz233/Pi3

The fine-tuned models are the Layer-Only (LO) and
Bias-Only (BO) checkpoints.

Relative Rotation Evaluation Settings. We preprocess
input images using each architecture’s provided functions:
WorldMirror and VGGT crop images to width 518; 72 pro-
portionally scales with a pixel limit, preserving aspect ratio.
All three ensure image width and height are multiples of
14 after preprocessing. The predicted quaternions are con-
verted into rotational matrices for evaluation.

For ExRot [3], we evaluate on their publicly available
model on their GitHub page. For all datasets, the images
are downsized such that the longer dimension is 256 pixels,
then center zero-padded to be size 256x256.

Multiview Pose Estimation, Monocular Depth, and
Dense Reconstruction Settings. We also preprocess in-
put images with each architecture’s provided function. For
multview pose estimation and monocular depth, we follow
73’s [23] protocol and downsize images to a target size of
512 pixels, with dimensions adjusted to be divisible by 14
through rounding. For dense reconstruction, the target size
is 518 pixels. As UnSceneRecon is the only dataset with
variable aspect ratio, we downsize the longest edge to 518
and center zero-pad to be 518x518 pixels for the dense re-
construction evaluation.

UnSceneRecon Graph-Based Image Sampling for Dense
Reconstruction Evaluation. In the main paper, we men-
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Figure 2. Layer Analysis. Cosine similarity curves of the input—output representations for pretrained VGGT, WorldMirror (WM), and 7°.
For VGGT and WM, the curves span 24 layers, where each layer corresponds to a frame-global block pair. For 73, the curve spans 18
layers. Our fine-tuning focuses on layers with pronounced similarity drops; see Section 2.1 for additional details.

tion that we subsample images from UnSceneRecon using
a graph-based greedy algorithm for dense reconstruction
evaluations. This is because UnSceneRecon scenes typi-
cally have widely distributed camera poses that capture dif-
ferent portions of the scene. Random image sampling often
leads to poor overlap—i.e., selecting images from disjoint
locations on opposite sides of the scene—that are implau-
sible for reconstruction pipelines to reasonably reconstruct.
Our graph-based approach ensures connectivity across im-
ages while maintaining diversity.

We construct an image connectivity graph for each
sparse reconstruction, where nodes represent images and
edges connect image pairs with at least 30 shared 3D points
and a translation of at least 5 meters. We initialize with
a random node in the largest connected component, then
greedily sample images based by selecting neighbors that
maximize a score combining 80% connectivity and 20%
diversity. Here, “connectivity” is the normalized node de-
gree (degree divided by the maximum degree in the graph);
“diversity” is the average distance from a candidate to the
nodes of all selected images, normalized by the maximum
translation across all edges in the graph.

3. Experiments and Results

We begin by evaluating relative camera pose across both
overlapping and non-overlapping settings (Section 3.1),
then present additional dense reconstruction experiments on
multiple benchmarks (Section 3.2), followed by monocu-
lar depth evaluations (Section 3.3), and conclude with ex-
panded ablation studies analyzing alternative fine-tuning
strategies (Section 3.4).

3.1. Relative Camera Pose

Evaluations on Large/Small Overlapping Pairs. As
shown in Table 2, we also evaluate the three fine-tuned mod-
els on large and small overlapping image pairs from sELP,
UnScenePairs, and UnScenePairs-t. All models achieve
comparable, and sometimes slightly improved, rotation ac-
curacy. This demonstrates that our fine-tuning procedure
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Figure 3. Performance as a function of the fraction of non-
overlapping image pairs used for fine-tuning VGGT on sELP.
Lower is better for MRE, higher is better for RA15/RA30.

Small ©  Pre-trained

does not compromise performance on overlapping image
pairs. Since the pretrained models already produce strong
rotation estimates when overlap is present, fine-tuning pre-
serves this capability.

To explicitly examine the trade-off between improving
alignment on non-overlapping views and maintaining accu-
racy on overlapping views, we conduct experiments reduc-
ing the fraction of non-overlapping pairs used during fine-
tuning (the reported checkpoint uses 1/3 non-overlapping
pairs). Fig. 3 shows that increasing this fraction consistently
improves performance on non-overlapping cases, while per-
formance on both large- and small-overlapping pairs re-
mains stable (e.g., all models yield RA30 above 99.8% for
large-overlapping pairs, even higher than the 99.7% ob-
tained by the pretrained model).

Translation Evaluation on UnScenePairs-t. For
UnScenePairs-t, ground-truth relative translations are also
available. Following prior work [20], we evaluate transla-
tion accuracy using the angular error. Let to; and t3; de-
note the predicted and ground-truth translation vectors from
camera 2 to camera 1. The error is defined as

errp — arccos M .
[eanl T

As shown in Figure 2, we report the Median Translation
Error (MTE) and the Translation Accuracy (TA) at thresh-
olds of 15° and 30°, denoted TA 5 and TA3y. Since our
loss only supervises over the predicted rotation, the transla-
tion error and accuracy stay the roughly the same after fine-
tuning, with small improvement on the non-overlapping
pairs for all three models. As discussed in the paper, this

“)



Table 2. Expanded comparison of SELP, UnScenePairs, and UnScenePairs-t benchmarks across VGGT, WorldMirror (WM), 73, and their
fine-tuned variants. MRE and MTE report the median rotation and translation errors in degrees. RA15/RA30 and TA15/TAso indicate the
percentage of predictions whose rotation or translation errors are below 15° or 30°, respectively.

sELP UnScenePairs UnScenePairs-t

Overlap Method MRE RA15 RA30 | MRE RA15 RA3() | MRE RA15 RA30 MTE TA15 TA30
VGGT 0.75 99.7 99.7 | 099 99.7 99.8 | 1.07 99.9 100.0 2.44 9277 97.0
VGGTrr 095 999 100.0] 1.04 99.6 99.7 | 1.08 999 999 224 94.0 97.6

Large WM 0.58 99.7 99.7 | 1.23 96.8 99.7 | 1.20 99.0 99.7 3.08 874 943
WMEgr 0.82 99.7 99.7 | 140 982 995 | 1.15 994 997 334 88.7 94.6
3 0.68 99.8 998 | 1.24 96.8 99.2 | 1.09 99.2 99.8 3.39 86.7 94.1
oy 093 999 999 | 1.23 994 99.8 1099 999 100.0 3.05 88.7 959
VGGT 1.86 969 97.8 193 96.7 98.0 | 2.01 98.8 99.8 9.69 62.7 74.0
VGGTer 2.12 988 994 | 195 975 98.8 | 2.04 100.0 100.0 9.18 61.4 75.1

Small WM 1.20 977 983|237 954 98.6 | 198 977 998 11.15 558 72.8
WMgr 1.92 98.1 98.2]265 965 989|239 979 99.6 11.75 564 72.1
73 1.50 97.3 97.7 | 231 944 985|177 98.1 998 9.68 60.6 75.3
7TI§T 229 984 987|243 96.7 99.1 | 1.99 99.0 100.0 1091 57.5 75.5
VGGT 9292 242 29.1 |31.64 33.8 488 |46.65 29.1 42.1 37.28 253 422
VGGTer 1421 509 56.5 [12.71 53.6 67.9 (1448 50.6 62.1 3579 26.5 44.0

None WM 68.96 363 425 [19.25 44.1 589 [21.52 42.6 574 33.83 27.6 452
WMEgr 9.74 569 635 |11.75 56.2 68.1 [13.13 53.3 645 3342 27.8 46.7
73 4524 43.8 483 |17.66 46.5 594 |21.62 435 56.8 33.16 294 45.7
oy 1196 53.7 60.0 |12.92 54.0 69.2 [13.31 53.1 65.5 32.05 314 47.7

suggests that all fine-tuning framework performs minimal in world coordinate. We compute a scale factor

updates to the pretrained weights without overfitting to pre- )

dicting extreme relative rotation. o — Htét HQ (5)

U el
and rescale the prediction as
Supervising over Full Pose. We also experiment with
adding a loss term to supervise relative translation in ad- {;re q=Si t;re " (6)

dition to rotation. Each of the three models addresses scale
ambiguity differently: VGGT normalizes all camera trans-
lations in the training data, WorldMirror provides a normal-
ized camera pose through prior prompting, and 7> com-
putes a scale factor by aligning its predicted point map with
the ground truth. We follow VGGT by normalizing each
translation vector using the mean distance from the ground
truth sparse 3D points to the point-cloud center, noting that
VGGT measures distances to the origin while our dataset
does not anchor the first image. Additionally for 73, we
adopt a similar scaling strategy. However, with only two in-
put images, aligning a partial predicted point map to the full
ground-truth scene is unstable. We instead apply a simple
scaling heuristic. For each image pair i, let t;red and té;t
denote the predicted and ground-truth relative translations

We add an L1 loss on the translation vectors and keep the
same geodesic loss for rotations. For VGGT and WorldMir-
ror, the translation loss anchors the first image as the refer-
ence frame and compute the loss on the two absolute pre-
dicted translations where the first image’s translation should
be [0,0,0] in world coordinate. For 3, we instead compute
the loss on the relative translation vectors. Results in Ta-
ble 4 show that this additional translation supervision pro-
vides essentially no improvement in translational or rota-
tional accuracy, and occasionally will lead to worse perfor-
mances. This illustrates that our proposed rotation-based
objective can better align models to extreme-view geome-
tries, in comparison to the full pose objective used by prior
work. As mentioned in the paper, our finding also shows



Table 3. Dense Reconstruction on the NRGBD [1] dataset in
sparse and dense image settings. Non-negligible differences (>
5% relative) between the base and fine-tuned models are in bold.

NRGBD-sparse NRGBD-dense
Method ACC | CMP | ACC | CMP |
Mean Med. Mean Med. Mean Med. Mean Med.

VGGT [21] 0.051 0.025 0.066 0.035 0.015 0.007 0.016 0.006
VGGTer  0.047 0.029 0.066 0.044 0.015 0.007 0.016 0.006

WM [12]  0.037 0.016 0.042 0.016 0.014 0.007 0.017 0.006
WMEt 0.036 0.016 0.040 0.015 0.016 0.009 0.017 0.007

3 [23] 0.024 0.014 0.028 0.014 0.013 0.007 0.014 0.006
o 0.029 0.017 0.033 0.017 0.017 0.010 0.015 0.006

that predicting large translational displacements between
two images is intrinsically hard and remains to be an im-
portant future line of work.

3.2. Dense Reconstruction

Additional Results: DTU, 7Scenes, and NRGBD. We
provide additional dense reconstruction experiments on
the object-centric DTU [9] and indoor 7Scenes [18] and
NRGBD [1] datasets. We follow 73 [23] and sample every
5th image from DTU (10 images per scene). For 7Scenes,
we sample every 40th image, corresponding to 73’s dense-
view evaluation setting (16 scenes with 25 images, 2 scenes
with 13 images). For NRGBD, we sample every 500th im-
age and 100th image for the sparse and dense-view settings,
respectively following 3. We report accuracy (ACC) and
completion (COMP) as in the main paper.

We depict DTU and 7Scenes results in Table 6. As
shown on DTU, despite fine-tuning on Internet photos, all
our finetuned models are able to generalize to an object-
centric dataset: VGGT shows minimal change from fine-
tuning, while WM and 73 show minimal performance loss.
Furthermore, on 7Scenes, the reconstruction performance
for all models is extremely similar before and after fine-
tuning. This is validated by the qualitative results in Fig-
ure 4. Overall, our finetuned models still generalize to in-
door scenes with minimal impact on dense image inputs.

We separately show the NRGBD sparse and dense set-
ting results in Table 3. VGGT performs nearly identically
after finetuning in both settings; WM also performs simi-
larly after finetuning in the sparse setting. For WM in the
dense setting and 73 in both settings, we observe a slight
performance decrease in the thousandth place across the
metrics. Note that while the 5% bolding threshold is used
to remain consistent with other tables, it is extremely sensi-
tive when quantitative values are small in magnitude (e.g.,
there is a > 5% difference between 7 and mi’s median
CMP in NRGBD-dense, even if both round to 0.006). The
minor deltas in these metrics indicate that there is no signifi-
cant change in reconstruction quality. Overall, all finetuned

models maintain their reconstruction capabilities on indoor
NRGBD scenes in both sparse and dense image settings.

Additional Results: UnSceneRecon. We show additional
qualitative results on UnSceneRecon in Figure 5; input im-
ages and 3D model visualizations for 7% are shown on the
project webpage. These scenes are selected from the 100
reconstructions in UnSceneRecon using a random sampler.
As shown, there is negligible difference in reconstruction
quality between the base and finetuned models. Note that
when the base model reconstructs poorly, the fine-tuned
model does too, as exemplified by VGGT and WorldMir-
ror on Kamerlengo-0 and Naubat Khana (Red Fort)-0. The
scale alignment of VGGTgr appears much worse than base
VGGT on Kamerlengo-0, since automatic alignment has
greater variance when aligning incorrect point clouds to the
ground truth. These reconstructions demonstrate the diffi-
culty that current 3DFMs have in accurately reconstructing
Internet photos, emphasizing the importance of a test set of
real-world, unconstrained settings.

Additional Results: RE10K and CO3D. We show quali-
tative results on the scene-centric RealEstate 10K [28] and
object-centric CO3Dv2 [15] datasets in Figure 6. Each
scene is reconstructed from the same 10 subsampled im-
ages as in m3’s [23] camera pose estimation evaluation.
For all three models, the finetuned versions’s reconstruc-
tions largely maintain the same quality as the base ver-
sions. One small difference is the CO3Dv2 cake scene
(37442274 _84517) for WM, where the top of the cake is
slightly noisier. In this case, both the base WM and WMgt
models struggle to reconstruct the top of the cake, with
the finetuned model amplifying the error. Besides this, our
finetuning generally retains each model’s reconstruction ca-
pabilities, even on object-centric datasets that are out-of-
domain from our finetuning data.

3.3. Monocular Depth Estimation

We additionally evaluate monocular depth to determine if
fine-tuning alters the performance of the 3DFM’s dense pre-
diction heads, as it directly alters the internal representa-
tions they decode.

Experimental Details. We test four datasets: Sintel [4],
Bonn [14], KITTI [6], and NYU-v2 [13]. Sintel and Bonn
contain synthetic scenes; KITTI contains real outdoor driv-
ing scenes; NYU-v2 contains real indoor scenes. Following
prior work [22, 23, 26], we align each predicted depth to
the ground truth with per-frame median scaling. For VGGT
and WorldMirror, we directly use the depth head outputs
for evaluation. For 73, since the model does not have a
depth head, we obtain the depth by taking the z-values of
the model’s point map prediction.

Metrics. We report absolute relative error (AbsRel) and
threshold accuracy below 1.25 (d7) like in [22, 23, 26].
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Figure 4. DTU and 7Scenes Examples. We show reconstruction results from the base and finetuned VGGT [21], WorldMirror (WM) [12],
and 72 [23] models on DTU’s [9] scanl and scand4 and 7Scenes’s [18] chess-seq03 and fire-seq03. The ground-truth reconstruction,
obtained using Doppelgangers++ [24] and MASt3R-SfM [5] as further detailed in the text, are shown in the first column. The predicted
scenes are automatically aligned to the ground truth per the evaluation protocol discussed in the main paper.

Results. We show monocular depth results in Table 5. Re-
markably, all fine-tuned models perform similarly to their
base counterparts across all datasets, with VGGT demon-
strating minor improvements. This indicates that the frozen
dense prediction heads remain effective at decoding the al-
tered internal representations, despite fine-tuning with only
rotation loss and no depth supervision.

3.4. Extra Ablations

We show an expanded version of our ablation results
in Table 7, with metrics for VGGT [21], WorldMirror
(WM) [12], and 72 [23]. For clarity, we show columns for
whether models are trained on select layers only (LO) and
bias only (BO); we additionally denote whether the recon-
struction metrics use the point head or not (using fused point
maps from unprojected depth) in the PH (point head) col-
umn. We use the same ARECpy and ARECksq metrics
as in the main paper’s ablation table. We show the same
rotation metrics: MRE, RA 5, and RAj, as well as the me-
dian reconstruction metrics: ACC and COMP, as discussed
in the main paper. REC is the average of ACC and COMP.

As discussed in the main paper, 72 performs similarly to
WorldMirror (WM) in the ablations: regarding how to fine-
tune the backbone, using select-layers only and bias-only
provides a good trade-off between rotation and reconstruc-
tion performance (-26.8 for AROT and 9.2 for AREC).
Switching the former option to all layers or the latter op-

tion to weights and biases leads to a performance degrada-
tion in REC (from a 9.2 AROT to 14.0 and 15.8, respec-
tively). Interestingly, our fine-tuned 72 model on all layers
and weights and biases exhibits abnormally strong perfor-
mance (a AROT of -37.7 and AREC of 9.9), and is an
outlier in the trends we see across all three models.

We also show 7’s fine-tuning results when unfreez-
ing only the camera head D.. Unlike VGGT [21] and
WM [12], which directly infer 3D points in global space, 7>
uses the extrinsic predictions of the camera head to trans-
form predicted points in local coordinates to global coor-
dinates. Consequently, we see that fine-tuning the camera
head leads to worse AREC metrics (567.4) compared other
fine-tuning schemes; this indicates that the performance of
D. is destroyed. At the same time, we see that D, does not
have much capacity to align to our target task of extreme
rotation estimation, reflected by a negligible AROT of 4.1.

3.5. Limitations

A prominent failure mode of the finetuned models, also
seen in prior work, is opposite-yaw prediction on non-
overlapping image pairs, where the predicted rotation has
a similar magnitude but flipped yaw direction (e.g., left 80°
vs. right 80°; see Fig. 7). We quantify this over VGGTgr
by checking if flipping the yaw improves the error: on
SELP non-overlapping pairs, 26.5% of the cases with er-
ror >30° are substantially improved (error reduction >90°).
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Figure 5. UnSceneRecon Examples. We show reconstruction results from the base and finetuned VGGT [21], WorldMirror (WM) [12],
and 7% [23] models on five randomly selected UnSceneRecon scenes. The selected scenes (top to bottom) are Pampanga Provincial
Capitol-0, Kamerlengo-0, Bodiam Castle-0, Marmashen Monastery-1, and Naubat Khana (Red Fort)-0. The ground-truth reconstruction,
obtained using Doppelgangers++ [24] and MASt3R-SfM [5] as further detailed in the text, are shown in the first column. The predicted
scenes are automatically aligned to the ground truth per the evaluation protocol discussed in the main paper.

Pretrained VGGT has a different failure mode: in approx-
imately 15% of non-overlapping pairs, it predicts near-
parallel camera poses despite large true rotations. We at-
tribute both failure modes to incorrect cross-view attention.
In large-error cases, the model’s attention is often diffuse
or focused on mismatched regions, unlike successful cases
where it concentrates on corresponding areas.
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Figure 6. RealEstate10K and CO3Dv2 Examples. We show reconstruction results from the base and finetuned VGGT [21], WorldMirror
(WM) [12], and 7> [23] models on three RealEstate10K (RE10K) [28] scenes and three CO3Dv2 [15] scenes. Each scene is reconstructed
using the same 10 images as 7>’s camera pose estimation evaluation.
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Figure 7. Limitations. From left to right, we show the input image pair, spherical projection of relative rotations (black: reference view,
blue: ground truth, red: pretrained VGGT, : fine-tuned VGGT), and the corresponding reconstructions (dense pretrained and fine-
tuned). These examples illustrate common failure modes: pretrained VGGT often collapses to near-parallel camera poses despite large true
rotations, while fine-tuned VGGT predicts an opposite-yaw rotation.



Table 4. Evaluation of fine-tuned VGGT, WM, and 7> models
trained with additional translation loss (TL) on the UnScenePairs-t
test set. Comparing with our final fine-tuned checkpoints (FT), the
results show that translation supervision offers no improvement in
relative translation and rotation accuracy.

UnScenePairs-t

Table 5. Monocular Depth Estimation on Sintel [4], Bonn [14],
KITTI [6], and NYU-v2 [13] datasets. Non-negligible differences
(> 5% relative) between the base and fine-tuned models are in
bold.

Sintel Bonn KITTI NYU-v2

Method

AbsRel] 617 AbsRel] 611 AbsRel| 611 AbsRel| 0171
VGGT [21] 0.335 0.597 0.053 0970 0.082 0.947 0.056 0.951
VGGTgr 0.316 0.621 0.050 0.974 0.077 0.952 0.052 0.955
WM [12] 0.340 0.625 0.066 0.963 0.093 0.930 0.053 0.957
WMET 0.336 0.633 0.064 0.964 0.089 0.933 0.053 0.957
w3 [23] 0.280 0.617 0.048 0.974 0.059 0.971 0.054 0.956
7r£ir 0.287 0.596 0.048 0.974 0.061 0.969 0.054 0.956

Table 6. Dense Reconstruction on DTU [9] and 7Scenes [18]
datasets. Non-negligible differences (> 5% relative) between the
base and fine-tuned models are in bold.

DTU 7Scenes

Method ACC | CMP | ACC | CMP |

Mean Med. Mean Med. Mean Med. Mean Med.
VGGT [21] 1.185 0.716 2.215 1.302 0.020 0.007 0.030 0.014
VGGTgr 1.178 0.711 2.189 1.256 0.018 0.007 0.029 0.014
WM [12] 1.033 0.573 1.759 0.790 0.016 0.007 0.028 0.013
WMEgr 1.121 0.614 1.761 0.783 0.017 0.007 0.027 0.012
w3 [23] 1.152 0.622 1.797 0.631 0.016 0.007 0.022 0.011
TI’E’T 1.396 0.748 1.768 0.634 0.016 0.007 0.020 0.008

Method MRE RA;5 RA39 MTE TA;5 TAj3g
VGGTer 1.08 999 999 224 940 97.6
VGGTry 1.15 99.8 99.8 3.08 93.0 96.9
g‘) WMEgr 1.15 994 99.7 3.34 88.7 94.6
5 WM 1.22 994 99.7 3.85 88.0 94.2
71’%-[ 0.99 999 100.0 3.05 88.7 95.9
W’?‘L 1.52 99.8 100.0 6.93 80.6 92.8
VGGTgr 2.04 100.0 100.0 9.18 61.4 75.1
VGGTry 2.36 99.8 100.0 10.34 59.1 73.6
= WMgr 239 979 99.6 11.75 56.4 72.1
UE) WM 243 973 99.8 1247 543 72.1
W%T 1.99 99.0 100.0 10.91 57.5 75.5
W’?‘L 2.38 99.0 100.0 14.71 51.8 70.0
VGGTer 1448 50.6 62.1 35.79 26.5 44.0
VGGTyy 14.75 50.2 61.6 37.75 22.2 39.5
© WMgr 13.13 533 64.5 3342 27.8 46.7
2 WMy, 13.36 52.0 63.0 38.50 23.2 40.2
w1331 53.0 655 32.05 314 47.7
w1550 49.0 63.8 33.24 27.8 46.0

Table 7. Full Ablation Table. The full table for the ablation evaluating rotation (AROT) and reconstruction (AREC) changes relative
to pretrained models. The camera head is denoted as D. and the backbone as AA. We show all fine-tuned results for layer-only (LO),
bias-only (BO), or both (LO+BO) updates. We denote whether we use the point head or not (using fused unprojected depths) in the PH
column for reconstruction metrics. REC is the average of COMP and ACC; we report median values only. The reconstruction delta
AREC is REC’s percent change compared to the base model. Significant improvements (> 10% error drop) for AROT and AREC are
shown in green, and degradations in red.

Model Comp. LO BO PH| AROT MRE RA;s RAj3 | ARECpg ARECpseqq REC ACC COMP | #Params
D, X X v 6.8 3379 282 464 0.0 (N/A) 0.889 1.049 0.729 216.2M
AA+D,. x x X -74.3 8.14 655 785 (N/A) 90.3 1.692 1.384 2.000 820.9M
AA X X X -69.8 9.57 604 739 (N/A) 9.2 0.808 0.961 0.654 604.7M
VGGT AA X x Vv -69.8 9.57 604 739 -33.7 (N/A) 0.590 0.687 0.493 604.7M
AA v o x Vv -66.7 10.55 575 70.8 -33.3 (N/A) 0.593 0.727 0.459 100.8M
AA x v v -69.7 960 613 75.6 -16.7 (N/A) 0.741 0912 0.570 0.4M
AA v o v v -59.8 1271 536 67.9 -12.4 (N/A) 0.779 0.908 0.650 0.07M
D. x x Vv -14 18.98 43.8 60.7 0.0 (N/A) 0.500 0.612 0.387 216.2M
AA+D,. x x X -47.5  10.10 60.7 75.8 (N/A) 81.5 0.907 1.087 0.727 820.9M
AA X X X -41.6  11.24 580 71.3 (N/A) 13.6 0.567 0.704 0.431 604.7M
WM AA X X Vv -41.6  11.24 580 71.3 14.0 (N/A) 0.570 0.716 0.423 604.7M
AA v o x Vv -404 1148 559 70.0 18.3 (N/A) 0.591 0.719 0.463 100.8M
AA x v Vv -42.3  11.11 569 70.6 12.9 (N/A) 0.564 0.702 0.426 0.4M
AA v v v -39.0 11.75 56.2 68.1 2.9 (N/A) 0.514 0.660 0.368 0.07M
D. X X Vv 4.1 18.39 44.0 593 567.4 (N/A) 2.812 2.755 2.869 2.1M
AA X X v -37.7  11.00 59.5 73.0 9.9 (N/A) 0.463 0.501 0.425 453.5M
3 AA v o x Vv 313 12,13 550 69.8 14.0 (N/A) 0.480 0.562 0.398 113.4M
AA x v v -39.6  10.66 60.2 73.8 15.8 (N/A) 0.488 0.555 0.421 0.3M
AA v v Vv -26.8 1292 540 69.2 9.2 (N/A) 0.460 0.517 0.403 0.08M
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