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7. Limitations
7.1. Scene Representations
Local scene representation. Our backend representation is
a local scene representation that cannot perform joint rea-
soning across multiple chunks predicted by the front-end.
Extending it to a global representation can be a promising
direction, as it would enable long-term consistency across
chunks. However, training such a global backend would
also require substantially more computational resources.
Computational complexity. Our model shares the inher-
ent limitation of type-(c) methods regarding the quadratic
computational complexity with respect to the number of in-
put images. However, a key advantage of our sparse yet
compact 3D representation is that its complexity depends
on the amount of 3D content rather than the number of
views. This is, in fact, one of our motivations to introduce
a compact 3D scene representation as a backend. Due to
the computational constraint, we are not able to investigate
on how to re-design the entire pointmap-based foundation
models. However, our work serves as a proof-of-concept
demonstrating the effectiveness of the spatial compactness.
We believe this opens a promising direction towards making
pointmap-based foundation models themselves more scal-
able to longer sequences. One possible direction is to re-
duce the usage of global attention and leverage the compact
3D scene representation as an alternative to reduce the com-
putational complexity for long sequences.
Dynamic scenes. Since our model has not been trained
for dynamic scenarios, it heavily relies on static cues for
dynamic environment. Thus, it might fail when the target
scene is dominated by dynamic objects. This can be solved
by including dynamic scenes as training datasets.

7.2. Visual Odometry
Reliance on dense reconstruction prior. Our visual odom-
etry relies on the prior that the model predicts geometry
in reference (first) frame’s coordinate system, up to an un-
known scale factor. When this assumption breaks, typically
in scenes with diverse depth ranges and complex thin struc-
tures, the scale alignment becomes unreliable, often leading
to tracking failure. Similarly, scenes dominated by distant
content can increase prediction variance, resulting in poor
scale alignment and trajectory accuracy. In this case, type-
(b) method might benefit from its persistent memory and a
generally longer perception window.
Drift/Kidnapping issue. Our system is a visual odome-
try without explicit loop closure or relocalization. Conse-
quently, tracking might drift in large-scale environments or

fail under long-term kidnapping scenarios. In this case, an
optimization-based module could help for loop closure or
relocalization. Notably, our backward search strategy in
keyframe selection could also mitigate this issue. Once the
loop is closed, as long as the accumulative pose error is less
than the backward search pose distance, our model can still
leverage the earlier frame to bring the system back on track.
This is useful for an online system, as it is not necessary to
fix the earlier trajectory in that case.

7.3. Structure from Motion
Reliance on dense reconstruction prior. Our SfM shares
the same limitations as in VO as they rely on the same prior.
Initialization. Our initialization is purely based on the
feature-based image clustering and the confidence of the lo-
cal chunk. We notice that our confidence usually prefers in-
door regions. In some photo-tourism scenarios, our model
might initialize with indoor images that do not guarantee
overlap with the outdoor regions that are of primary inter-
est. One possible solution is to use explicit feature matching
to construct the view graph at cost of extra complexity.
Mapping window selection. Our mapping window selec-
tion for global mapping is based on pose distance. This
is usually sufficient for visual odometry due to the local
smoothness of the trajectory. However, for a large-scale
structure from motion system, the same geometry is likely
to be observed from diverse views. Selecting mapping
frames using pose distance can therefore omit overlapping
views with wide baselines. In that case, a geometry-based
view selection might help at the cost of extra complexity.
Non-overlap reconstruction. The ability to reconstruct
non-overlapping views is useful for small-scale problems
where overlap genuinely does not exist. However, this could
become problematic at larger scales: image clustering may
group visually similar images from entirely different lo-
cations into the same cluster despite having no geometric
overlap. In such cases, the model may hallucinate geometry
for these non-overlapping images and give them moderate
confidence, preventing them from being pruned and leading
to irreversible reconstruction errors. One possible remedy
is to filter out false clusters (e.g., Doppelgangers [14]).
Pose consistency. The final camera poses are weighted av-
erage feed-forward poses. Compared to COLMAP [101]
poses obtained via BA, our poses may not strictly follow the
geometry constraint. For downstream tasks like novel view
synthesis, which requires strict pose coherence, our poses,
even metrically better in some cases, might still result in
lower PSNR. This is the inherent limitation of feed-forward
poses and can be addressed via BA as post-processing.



Figure 4. Overview of AMB3R (VO). Input frames are mapped
with the keyframes in the active keyframe memory to predict ge-
ometry and camera poses. After coordinate alignment, we select
new keyframes and update the global keyframe memory; poses
and geometry for non-keyframes are also stored. If the active
keyframe memory is not full, the new keyframe is appended; oth-
erwise, we refresh the active keyframe memory by resampling a
new set of keyframes from the global keyframe memory.

8. Additional Details
8.1. Metric-scale Head
To predict the metric scale factor, we first map the encoder
feature into one feature vector via a three-layer MLP. We
then add this feature with the depth feature from the depth
DPT [96] branch of VGGT [126], and map this new feature
into a metric scale factor via a two-layer convolution. We
supervise this prediction using an L1 loss. In cases where
the selected pixels contain missing depth values, which fre-
quently occurs in the Waymo [112] dataset, we use a ROE
solver to estimate the relative scale difference. This allows
us to recover a consistent ground-truth log-depth value for
supervision even when raw depth is unavailable.

8.2. Training Datasets
We use ScanNet [22], ScannetPP [141], WildRGBD [136],
Mapfree [4], Aria [91], Waymo [112], Virtual Kitti2 [12],
GTASfM [127], MVS-Synth [44], OmniObject3d [132],
and Hypersim [100] to train our model. Due to the con-
straint of the data storage, we only store a subset of each
dataset. Although we only sample 2k samples in total for
each epoch, we find data diversity is significantly more im-
portant than the data amount for training pointmap-based
foundation model. We exclude Co3D [97] as we observe
that VGGT might overfit on certain patterns on Co3D.

8.3. Training cost
We show the estimated training cost comparison in Fig. 5,
where 1 H100/H200 hour counts as 2 A100 hours. Since
ω3 did not report their overall training time, we roughly esti-
mate their training cost based the number of training epochs
and GPUs used for training. The training of our backend
and metric-scale head requires around 80 H100 hours in to-
tal. Compared to ω3 and MapAnything, our model requires
significantly less add-on cost on top of VGGT [126].

Figure 5. Training cost comparison. We roughly estimate
the training cost of each model. We count 1 H100/H200 hours
(AMB3R/MapAnything) as 2 A100 hours.

We note, however, that as pointed out by the MapAny-
thing team, the training cost of MapAnything can be re-
duced to roughly match that of VGGT by reducing the to-
tal training data by half at the cost of a slight performance
drop.1

8.4. Visual Odometry Pipeline
Fig. 4 illustrates our visual odometry pipeline. Input frames
are mapped with keyframes stored in the active keyframe
memory to predict camera poses and geometry. The co-
ordinate alignment is done via 1) transforming the active
keyframe map from global to local coordinates, 2) estimat-
ing the relative scale of the corresponding keyframe geome-
try, and 3) transforming the local map to global coordinates
via the weighted average of relative poses of each corre-
sponding keyframe. We then select new keyframes from
the newly mapped frames and update the global keyframe
memory. If the number of keyframes in active keyframe
memory has not reached its capacity, we append the new
keyframe; otherwise, we refresh the entire active keyframe
memory by resampling from the global keyframe memory.

8.5. Structure from Motion Pipeline
We show the pipeline of our SfM as in Fig. 6. Our SfM
mainly consists of 3 stages: 1) Image clustering that groups
images into small clusters, 2) Coarse registration that regis-
ters each cluster incrementally, and 3) Global mapping that
refines keyframes and non-keyframes via mapping.

8.6. Visual Odometry Runtime Analysis
We evaluate the runtime of our visual odometry on the TUM
dataset [110]. Note that we exclude the data-loading over-
head. Our method runs at an average of 4.2 FPS, with a
best case of 6.0 FPS and a worst case of 3.4 FPS on an
NVIDIA RTX 4090 GPU with input resolution of (392,
518). The variation in speed is primarily caused by the fluc-
tuating number of active keyframes and the scene difficulty
(The backend can be skipped if the front-end confidence

1https://github.com/HengyiWang/amb3r/issues/5



Figure 6. Overview of AMB3R (SfM). Our SfM pipeline contains 1) Image clustering that groups images into small clusters, 2) Coarse
registration that constructs an initial coarse reconstruction, and 3) Global mapping that performs keyframe and non-keyframe refinement.

Figure 7. VO runtime with respect to resolution. By reducing
input resolution, our method can achieve over 10FPS inference
while being more accurate compared to other uncalibrated VO.

is sufficiently high). Importantly, since we cap the maxi-
mum number of active keyframes at 10, the computational
complexity does not grow with respect to the number of
frames, unlike type-(b) methods that do not have memory
pruning.

Depending on the computation budget, one might reduce
the input resolution or number of active keyframes for better
runtime at the cost of accuracy (See Fig. 7).

8.7. Imperfect Ground-truth on 7 Scenes
We find that the pseudo ground truth in the original 7-
Scenes [107] dataset often contains noticeable drift in cer-
tain sequences. This is because those poses are obtained via
ICP-based KinectFusion [87]. ICP is prone to have rotation
drift in scenes with near-spherical geometry and translation
drift in scenes with many flat surfaces. The 7-scene dataset
is the latter case. For instance, in Pumpkin/seq01, we find a
substantial drift toward the end of the sequence. As a result,
it is fundamentally impossible to achieve accurate tracking
when evaluated against this pseudo GT unless the model
happens to drift in exactly the same way. This makes the
original pseudo GT unsuitable for fair comparison.

To address this, we adopt COLMAP GT [8] that is ob-
tained via global optimization across all sequences of each
scene. To ensure its reliability, we follow ACE-Zero [10]
and evaluate novel view synthesis using NeRFstudio [114].
As shown in Tab. 7, the PSNR obtained from rendering with
the new GT is consistently higher, confirming its accuracy.
We therefore use it as the new ground-truth for evaluating
3D reconstruction and visual odometry.

Figure 8. Examples of buildings in DTU [2] dataset.

8.8. Baselines and Evaluation Datasets

Monocular depth estimation. We compare against Om-
nidata [29], Depth Anything v2 [139], Marigold [53],
Diffusion-E2E [36], and MoGe [129], which are explic-
itly trained for monocular depth estimation. In contrast,
VGGT [126] and our model are trained with a multi-view
objective, and evaluated on monocular depth in a zero-shot
manner. We use NYUv2 [86], KITTI [37], ETH3D [102],
ScanNet [22], and DIODE [121] for evaluation following
Marigold [53]. Note that for DIODE, there is a known
issue about floaters in ground-truth geometry. Existing
works like depth anything v2 [139] and MoGe [129] eval-
uate on DIODE with a pre-processing script that excludes
those floaters. Since these scripts are not publicly avail-
able, we evaluate on the original noisy ground-truth follow-
ing Marigold and Diffusion-E2E.
Multi-view depth estimation. We compare with 5 dif-
ferent categories of methods here: a) classic approach:
COLMAP [101], which is an integrated solution of SfM
and MVS based on optimization, b) monocular depth es-
timation methods that estimate depth from a single view:
Depth Pro [6], Metric3D [142], UniDepthV2 [94], and
Depth Anything v2 [139], c) Multi-view depth estimation
methods that requires known calibration, camera poses,
and per-image range: MVSNet [140], Vis-MVSNet [147],
PatchmatchNet [123], and MVSFormer++ [15]. d) Multi-
view depth estimation methods without the need for per-
image range: Fast-MVSNet [143], Robust MVD base-
line [104], and MVSA [46]. and e) Depth estimation from
raw images without any prior information required: De-
MoN [120], DUSt3R [130], Spann3R [124], Pow3R [48],
MUSt3R [13], VGGT [126], as well as concurrent works
ω3 [131], and MapAnything [54]. We evaluate those meth-
ods on RMVDB [104], using KITTI [37], ETH3D [102],
ScanNet [22], DTU [2], and Tanks & Temples [57] datasets.
Metric-scale estimation. We compare with existing



pointmap-based foundation models, which can recover
metric-scale factors: MASt3R [60], Spann3R [124],
MUSt3R [13], CUT3R [128], and concurrent work MapA-
nything [54] on RMVDB [104]. Note that DTU datasets
contain many buildings placed on a pure white table as
in Fig. 8. Due to the lack of background environment
for scale reasoning, existing models would usually predict
those buildings as real buildings, resulting in high absolute
relative errors. In that case, the inlier ratio could be a good
measure of the metric-scale prediction.
3D reconstruction. We compare with existing represen-
tative pointmap-based foundation models: Spann3R [124],
MUSt3R [13], CUT3R [128], VGGT [126], as well as
concurrent works ω3 [131], and MapAnything [54] on
ETH3D [102], DTU [2], and 7 scenes [107]. We use im-
age tuples from RMVDB [104] for ETH3D and DTU. For 7
scenes, we use Spann3R [124] split with improved GT. Note
that since pointmap prediction has an exact one-to-one cor-
respondence with groundtruth, we remove ICP alignment in
the prior evaluation protocol [124, 125].
Video depth estimation. We compare with pointmap-
based models: Spann3R [124], CUT3R [128],
VGGT [126], and ω3 [131] on dynamic video depth
estimation task on Sintel [11], Bonn [89], and Kitti [37]
datasets. Among those methods, CUT3R [128] and
ω3 [131] are trained on dynamic datasets, while our model
is not specifically trained on dynamic data.
VO and SLAM. For visual odometry, we compare
with 1) Sparse VO: ORB-SLAM3 [84], DSO [31], and
DPVO [69], 2) Dense VO: TANDEM [58], MonoGS [79],
DeepFactors [21], DepthCov [25], DROID-VO [118],
COMO [26], and GLORIE-VO [145], and 3) Uncalibrated
VO: Spann3R [124] and MUSt3R [13]. In addition to visual
odometry baselines, we also consider SLAM baselines with
global bundle adjustment and loop closure: 1) SLAM with
calibration: ORB-SLAM3 [84], DeepV2D [117], Deep-
Factors [21], DPV-SLAM [69], GO-SLAM [152], DROID-
SLAM [118], MASt3R-SLAM [85] and 2) SLAM without
calibration: DROID-SLAM [118], MASt3R-SLAM [85],
VGGT-SLAM [126]. We compare with those methods us-
ing common SLAM benchmarks, including TUM [110],
ETH-SLAM [103], and 7scenes [107]. We also compare
with MegaSaM [64], a structure-and-motion method specif-
ically designed for dynamic environments, on the TUM Dy-
namic [110] dataset to test the generalization on dynamic
scenes.
Structure from Motion. We compare with optimization-
based SfM methods: COLMAP [101], ACE-Zero [10],
FlowMAP [108], VGGSfM [126], DF-SfM [39],
and MASt3R-SfM [28] on ETH3D [102] and
Tanks&Temples [57] dataset. ETH3D [102] contains
unordered image collection, while Tanks&Temples [57]
contains images from video.

Method KITTI ScanNet ETH3D DTU T&T Avg
rel → ε ↑ rel → ε ↑ rel → ε ↑ rel → ε ↑ rel → ε ↑ rel → ε ↑

w/o backend 4.5 60.4 (2.3) (80.8) 1.8 85.3 1.0 94.8 2.0 83.9 2.3 80.6
w/ 2d backend 2.9 73.9 (2.0) (84.2) 1.4 90.2 1.1 94.4 1.8 88.4 1.8 86.2
w/o scale align 3.0 72.0 (2.0) (84.8) 1.5 89.7 0.9 95.3 1.9 89.0 1.9 86.2
w/o zero conv 26.9 7.8 (17.5) (15.5) 19.8 17.8 7.3 34.6 16.2 23.9 17.5 19.9
Full 2.8 74.4 (1.9) (85.8) 1.4 90.9 0.9 95.1 1.7 90.2 1.7 87.3

Table 17. Ablation studies. We ablate design choices of backend,
scale alignment for supervision, and zero convolution.

Method KITTI ScanNet ETH3D DTU T&T
rel ε1.25 rel ε1.25 rel ε1.25 rel ε1.25 rel ε1.25

w/o backend 8.9 91.1 (8.9) (95.2) 9.1 89.4 243.5 55.3 8.2 94.3
w/o decoder feature 10.2 82.9 (12.0) (81.7) 6.6 94.8 216.2 52.7 7.6 94.1
Ours 8.2 95.6 (9.3) (95.2) 8.5 90.4 240.9 60.9 6.3 95.7

Table 18. Ablation study on metric-scale depth estimation.

Scene # Imgs RRA RTA mAA
@5 @15 @30 @5 @15 @30 @5 @10 @30

Tr
ai

ni
ng

Brandenburg Gate 1363 99.8 100.0 100.0 79.1 94.6 98.0 56.1 71.8 87.9
Buckingham Palace 1676 88.0 88.2 88.3 86.6 92.8 95.0 69.8 77.0 83.6
Colosseum Exterior 2063 77.7 79.3 79.5 73.8 85.4 88.7 46.1 58.9 70.9
Grand Place Brussels 1083 58.0 59.6 60.9 62.8 73.3 78.2 37.1 44.0 51.7
Notre Dame Front Facade 3765 20.2 28.0 40.4 37.1 45.4 60.7 13.6 15.5 19.3
Palace of Westminster 983 78.4 78.7 79.1 76.0 85.6 90.0 56.2 64.5 72.5
Pantheon Exterior 1401 76.1 76.8 77.3 79.2 85.6 88.7 60.8 66.5 72.2
Reichstag 75 92.1 92.2 92.2 82.0 94.2 97.0 61.0 72.1 83.5
Sacre Coeur 1179 32.1 38.3 44.3 51.3 63.4 75.8 24.7 27.2 32.4
Saint Peter’s Square 2504 73.5 79.0 79.5 42.6 71.0 84.4 18.0 33.8 55.5
Taj Mahal 1312 62.0 64.4 65.5 65.0 80.8 88.9 44.2 49.0 56.0
Temple Nara Japan 904 77.2 77.9 78.3 64.1 78.3 85.4 41.3 52.6 65.1
Trevi Fountain 3191 56.0 57.3 59.0 61.5 71.1 74.3 37.4 43.9 50.8

Average - 68.6 70.8 72.7 66.2 78.6 85.0 43.5 52.1 61.6

Te
st

British Museum 660 99.4 99.7 100.0 63.1 87.7 94.7 43.2 59.1 80.0
Florence Cathedral Side 108 99.7 100.0 100.0 82.2 95.5 98.4 60.3 74.8 89.3
Lincoln Memorial Statue 850 100.0 100.0 100.0 85.6 96.4 98.6 58.2 75.1 89.9
Milan Cathedral 124 100.0 100.0 100.0 73.4 94.0 98.2 50.8 67.7 86.4
Mount Rushmore 138 99.9 100.0 100.0 41.5 71.3 86.5 27.8 40.5 65.1
Piazza San Marco 249 99.9 100.0 100.0 87.9 97.9 99.3 68.1 81.0 92.6
Sagrada Familia 401 99.5 100.0 100.0 70.6 91.5 96.6 48.6 65.1 84.0
St. Paul’s Cathedral 615 99.6 100.0 100.0 71.9 91.1 96.5 49.2 65.3 84.0

Average - 99.7 100.0 100.0 72.0 90.7 96.1 50.8 66.1 83.9

Table 19. AMB3R-SfM results on the IMC Phototourism
dataset [50]. Evaluation is performed on all available images per
scene. Despite the unconstrained nature of photo-tourism collec-
tions, AMB3R-SfM shows robust generalization in a purely feed-
forward manner, without relying on any test-time optimization.

9. Additional Quantitative Results
Ablation study. We present additional ablation studies in
Tab. 17 to analyze the impact of key design choices, includ-
ing the backend (2D vs. 3D), scale alignment for supervi-
sion, and zero convolution. Notably, training without zero
convolution fails to converge under our current computa-
tional budget and dataset size. As discussed in Sec. 3, this is
caused by catastrophic forgetting of the learned confidence:
without zero convolution, the confidence function with ran-
domly initialized weights of the backend will shift drasti-
cally, and lead to inconsistent learning objectives. In this
case, convergence would likely require training resources
and data comparable to those used for VGGT [126].

We also report additional ablations on the metric-scale



Approach GT GT GT Align KITTI ScanNet ETH3D DTU T&T Average
Poses Range Intrinsic rel → ε1.03 ↑ rel → ε1.03 ↑ rel → ε1.03 ↑ rel → ε1.03 ↑ rel → ε1.03 ↑ rel → ε1.03 ↑

a) Classic approaches
COLMAP [101] ✁ ✁ ✁ ✁ 12.0 58.2 14.6 34.2 16.4 55.1 0.7 96.5 2.7 95.0 9.3 67.8
COLMAP Dense [101] ✁ ✁ ✁ ✁ 26.9 52.7 38.0 22.5 89.8 23.2 20.8 69.3 25.7 76.4 40.2 48.8
b) Single-view depth
Depth Pro [6] ✁ ✁ ✂ med 6.1 39.6 (4.3) (58.4) 6.1 53.5 5.6 49.6 5.6 57.5 5.6 51.7
Metric3D [41] ✁ ✁ ✂ med 5.1 44.1 2.4 78.3 4.4 54.5 10.1 39.5 6.2 48.0 5.6 52.9
UniDepthV2 [94] ✁ ✁ ✂ med 4.0 55.3 (2.1) (82.6) 3.7 66.2 3.2 72.3 3.6 68.4 3.3 68.9
DepthAnything V2 [139] ✁ ✁ ✁ lstsq † 6.6 38.6 4.0 58.6 4.7 56.5 2.6 74.7 4.5 57.5 4.8 54.1
c) Depth from frames and poses (w/ per-image range)
MVSNet [140] ✂ ✂ ✂ ✁ 22.7 36.1 24.6 20.4 35.4 31.4 (1.8) (86.0) 8.3 73.0 18.6 49.4
Vis-MVSNet [147] ✂ ✂ ✂ ✁ 9.5 55.4 8.9 33.5 10.8 43.3 (1.8) (87.4) 4.1 87.2 7.0 61.4
PatchmatchNet [123] ✂ ✂ ✂ ✁ 10.8 45.8 8.5 35.3 19.1 34.8 (2.1) (82.8) 4.8 82.9 9.1 56.3
MVSFormer++ [15] ✂ ✂ ✂ ✁ 4.4 65.7 7.9 39.4 7.8 50.4 (0.9) (95.3) 3.2 88.1 4.8 67.8
d) Depth from frames and poses (w/o per-image range)
Fast-MVSNet [143] ✂ ✁ ✂ ✁ 12.1 37.4 287.1 9.4 131.2 9.6 (540.4) (1.9) 33.9 47.2 200.9 21.1
Robust MVD Baseline [104] ✂ ✁ ✂ ✁ 7.1 41.9 7.4 38.4 9.0 42.6 2.7 82.0 5.0 75.1 6.3 56.0
MVSA [46] ✂ ✁ ✂ ✁ 3.2 68.8 3.7 62.9 3.2 68.0 1.3 95.0 2.1 90.5 2.7 77.0
e) Depth from frames (w/o poses)
DeMoN [120] ✁ ✁ ✂ ↓t↓ 15.5 15.2 12.0 21.0 17.4 15.4 21.8 16.6 13.0 23.2 16.0 18.3
DUSt3R [130] ✁ ✁ ✁ med 5.4 49.5 (3.1) (71.8) 3.0 76.0 3.9 68.6 3.3 75.1 3.7 68.2
Spann3R [124] ✁ ✁ ✁ med 7.9 36.2 (3.3) (67.1) 5.7 58.6 3.5 65.2 4.7 58.5 5.0 57.1
Pow3R [48] ✁ ✁ ✁ med 5.7 45.7 (3.2) (68.8) 3.0 74.7 3.0 74.3 3.3 76.6 3.6 68.0
MUSt3R [13] ✁ ✁ ✁ med 4.5 55.0 (4.0) (59.8) 2.5 80.3 4.6 55.4 (2.6) (80.4) 3.7 66.2
VGGT [126] ✁ ✁ ✁ med 4.5 59.6 (2.3) (80.8) 1.8 86.3 0.9 95.6 2.4 84.1 2.4 81.3
ω3‡ [131] ✁ ✁ ✁ med 2.8 72.9 (2.0) (83.6) 1.3 92.4 1.3 91.8 1.8 87.3 1.8 85.6
MapAnything‡ [126] ✁ ✁ ✁ med 4.0 59.4 4.0 60.5 2.8 73.2 3.9 63.7 3.3 73.0 3.6 66.0
AMB3R ✁ ✁ ✁ med 2.8 74.4 (1.9) (85.8) 1.4 90.9 0.9 95.1 1.7 90.2 1.7 87.3

Table 20. Multi-view depth estimation. Our method achieves state-of-the-art performance on RMVDB [104]. ‡ means concurrent works,
and (parentheses) indicate. We only report a subset of a)-e) methods, and please refer to supplementary material for the full table.

Scenes COLMAP [101] ACE-Zero [10] FlowMap [108] VGGSfM [126] DF-SfM [39] MASt3R-SfM [28] AMB3R (SfM)

RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5

Tr
ai

ni
ng

Barn GT GT 56.1 55.6 - - - - 100. 99.8 52.6 85.6 91.8 96.4
Caterpillar GT GT 87.3 95.6 - - - - - - 84.2 92.3 100.0 98.6
Church GT GT 90.5 76.3 - - - - - - 11.6 16.8 93.0 92.9
Courthouse GT GT 44.1 45.0 - - - - - - 8.8 9.9 79.9 77.7
Ignatius GT GT 100. 99.9 62.5 70.0 - - 100. 99.9 43.6 60.1 100.0 99.5
Meetingroom GT GT 39.3 38.5 26.3 39.8 - - 84.1 89.0 92.6 89.9 100.0 96.3
Truck GT GT 100. 99.7 53.4 69.6 - - 100. 99.8 100. 99.7 100.0 99.7

In
te

rm
ed

ia
te

Family GT GT 38.9 44.6 - - - - - - 22.3 25.9 100.0 99.6
Francis GT GT 57.4 79.0 57.6 67.7 - - 100. 99.7 17.0 41.0 100.0 92.1
Horse GT GT 68.2 81.8 - - - - - - 6.4 6.3 100.0 98.8
Lighthouse GT GT 30.6 38.8 4.8 9.5 - - 66.3 66.0 50.8 72.1 100.0 98.7
M60 GT GT 100. 99.9 50.4 48.3 - - 100. 99.8 100. 100. 100.0 99.0
Panther GT GT 100. 99.5 100. 77.6 - - 100. 99.1 100. 99.5 100.0 99.6
Playground GT GT 82.7 85.5 49.1 63.8 - - 100. 99.9 99.3 99.3 100.0 98.3
Train GT GT 62.6 62.5 18.4 29.2 - - 42.8 41.8 10.6 15.8 89.4 88.8

A
dv

an
ce

d

Auditorium GT GT 1.6 1.1 1.3 1.4 - - 1.7 1.7 1.7 1.5 96.0 88.7
Ballroom GT GT 56.4 43.2 14.1 16.7 - - 56.0 44.4 43.8 29.6 35.2 37.5
Courtroom GT GT 62.5 54.1 5.3 3.6 - - 66.8 66.3 67.2 69.1 38.7 51.1
Museum GT GT 13.5 11.1 0.8 1.2 - - 14.8 13.5 12.3 11.0 100.0 98.4
Palace GT GT 3.1 3.9 - - - - 25.6 27.7 27.0 35.7 38.6 61.4
Temple GT GT 0.4 0.9 0.5 1.2 - - 55.5 60.7 80.7 72.2 99.3 96.9

Table 21. Detailed per-scene SfM results on Tanks and Temples [57]. We use COLMAP GT [99] for evaluation as in MASt3R-SfM [28].
The baseline results are obtained from MASt3R-SfM. (-) indicates failure.

head in Tab. 18, in addition to the scale-difference vs.
median-z comparison presented in Tab. 4.

Multi-view depth estimation. We show the full table of
multi-view depth estimation results in Tab. 20 with detailed



input modality and the alignment.
Structure from motion. We show per-scene decompo-
sition of SfM on Tanks&Temples [57] and IMC Photo-
tourism [50] in Tab. 21 and Tab. 19. The COLMAP re-
sults [99] are used as the ground-truth.

10. Qualitative examples
Visual Odometry. As in Fig. 9 and Fig. 10, we present
qualitative results of our visual odometry on all static scenes
from the 7Scenes [107], TUM [110], and ETH SLAM [103]
datasets used in our evaluation.
Structure from Motion. Fig. 11 and Fig. 12 show quali-
tative results of SfM on all scenes from the ETH3D [102]
and Tanks&Temples [57] datasets. In Fig. 13, we further
include qualitative results on the Cambridge Landmarks
dataset, in-the-wild image collections, and the IMC Photo-
tourism [50] dataset, which contains large-scale unordered
images captured by tourists.



Figure 9. Qualitative showcase of VO on 7scenes [107]. We visualize keyframe poses as red cameras and non-keyframe poses as green
dots.



Figure 10. Qualitative showcase of VO on TUM [110] and ETH SLAM [103] datasets.



Figure 11. Qualitative showcase of structure from motion on ETH3D [102]



Figure 12. Qualitative showcase of structure from motion on Tanks and Temples [57] dataset.



Figure 13. Qualitative showcase of structure from motion on IMC phototourism [50], Cambridge landmarks [55]. The results are randomly
downsampled to 3 million points for visualization purpose.
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