GGPT: Geometry Grounded Point Transformer
— Supplementary Material -

A. Results with RoMa v2 and Comparison with
Additional Baselines

In the main paper, we ensemble the dense correspondences
predicted by RoMa [6] and UFM [40] (Sec. E.1) within the
StfM pipeline. This configuration is used to produce the re-
sults reported in the main paper and the ablation studies
in Sec. B. Following the initial submission, we observed
that replacing RoMa and UFM with the more recent dense
matcher, i.e. RoMa v2 [7], further improves performance
across all evaluation datasets. The updated results are re-
ported in Tab. 2 and Tab. 1. In addition, we include two
recent feed-forward models for comparison: i.e. Pi3X [36]'
and DepthAnything3 [19]. As shown in Tab. 2 and Tab. I,
our method GGPT consistently outperforms these feed-
forward baselines, regardless of whether it employs RoMa +
UFM or RoMa v2, with particularly notable gains on cross-
domain and out-of-domain datasets.

B. Ablation Studies

B.1. Structure-from-Motion

We conduct experiments to validate the contribution of our
three SfM design components. (1) Dense matchers: Using
dense matchers rather than sparse matchers. (2) Sparse BA:
Selecting a small subset of matches for Bundle Adjustment
(BA) instead of a large set. (3) DLT triangulation: Using
Direct Linear Triangulation (DLT) rather than conventional
RANSAC-based non-linear triangulation.

The ablation is conducted on the ETH3D test set [25]
with varying baseline coverages with 4, 8, and 16 in-
put views. In Tab. 3, we report the running time of
each step (Time), and the accuracy of the camera poses
(Cam.) and sparse points estimation (Pts.). We adhere
to standard Structure-from-Motion (SfM) evaluation proto-
cols [20, 22, 31]. For camera poses, we compare the relative
poses to the ground truth, compute the maximum of rota-
tional and translational angular errors, and report the Area
Under the recall Curve (AUC) up to 1°, 5°, and 10°. For
sparse points, we compute the chamfer distance between
the triangulated points and the ground truth, report the ac-
curacy and completeness of the reconstruction as the ratio
of points within a given distance of each other.

Dense matchers. We compare dense matching re-
gressors [0, 40] with the SOTA sparse keypoint-based

'Pi3X is an enhanced version of Pi3 with engineering updates. The
model weights are publicly available at https://github.com/yyfz/Pi3.

Table 1. Multi-view 3D reconstruction on out-of-domain
datasets. AUC@1/5 cm (% 1) for human body reconstruction
(4D-DRESS [35]) and AUC@1/5 mm (% 7) for surgical scene re-
construction (MV-dVRK [1]). Here we report additional results
with latest dense matcher RoMa v2 [7], which further boosts
the performance.

4D-DRESS MV-dVRK
VGGT [32] 10/45 8/33
[32] + Ours (RoMa + UFM) 66/77 45/61
[32] + Ours (RoMa v2) 75/87 62/77
Pi3 [36] 8/50 18/51
[36] + Ours (RoMa + UFM) 63/80 40/67
[36] + Ours (RoMa v2) 76/88 67/82
Pi3X [36] 3/12 4/22
[36] + Ours (RoMa + UFM) 49/66 42/57
[36] + Ours (RoMa v2) 69/83 60/76
MapAnything [14] 2/12 3/13
[14] + Ours (RoMa + UFM) 42/52 35/47
[14] + Ours (RoMa v2) 54/75 33/52
DepthAnything3 [19] 2/5 19/52
[19] + Ours (RoMa + UFM) 29/47 47/68
[19] + Ours (RoMa v2) 49/70 67/80
MAtCha [8] 48/68 37/62
[8] + Ours (RoMa + UFM) 62/75 50/67
[8] + Ours (RoMa v2) 67/80 64/80
MASt3R-SfM [5] 54/71 39/62
[5] + Ours (RoMa + UFM) 64/75 49/66
[5] + Ours (RoMa v2) 70/82 63/79

MASt3R [18], which uses a reciprocal nearest-neighbor
(NN) searching algorithm to extract a sparse grid of cor-
respondences between each pair. Tab. 3 shows that the
sparse MASt3R matcher is noticeably slower and produces
less reliable correspondences than dense matching regres-
sors, which leads to suboptimal camera and points accuracy.
due to the sparsity of the matchings, it can only produce
a extremely sparse set of points, yielding a low complete-
ness, e.g. 4 % vs 20 % on the 8-view setup. For SOTA
dense matchers, we find that RoMa [6] offers better accu-
racy while UFM [40] offers better completeness and effi-
ciency. Ensembling the two dense matchers can achieve
the balance between points accuracy and completeness with
minimal computational overhead, as shown in the RoMa +
UFM (Ours, Dense) row of Tab. 3. In Sec. B.3, we will pro-
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Table 2. Multi-view 3D Reconstruction on Standard Test Sets. We report AUC@5/10 cm (% 1). Our method (our StM and GGPT) can
improve dense predictions of various models. Despite GGPT is trained solely on ScanNet++ and VGGT’s dense prediction, as we highlight
the top-left cells as within-domain , it generalises well to cross-domain datasets and other methods’ predictions (rows 3—10). For the
results reported in the main paper, we ensemble the outputs of RoMa [6] and UFM [40] for dense matchings. Here we report additional
results with latest dense matcher RoMa v2 [7], which further boosts the performance.

ScanNet++ [39] ETH3D [25] T&T [16]
4imgs 8imgs 16imgs 4imgs 8imgs 16imgs 4imgs 8imgs 16imgs
VGGT [32] 23/37 19/32  16/29 27/41  23/36  19/32 26/40  25/39  24/38

[32] + Ours (RoMa+ UFM) 38/53  45/60  50/66 41/55 47/61 49/63 34/47 42/57 43/57
[32] + Ours (RoMa v2) 47/62 56/70  62/76 54/66 57/69  62/75 39/52  50/63  49/62

Pi3 [36] 54/69 56/71  58/74 31/47  25/41  23/38 25/39  26/42  25/40
[36] + Ours (RoMa + UFM) 54/68 56/72  59/74 36/53 36/53 37/54 27/43 32/50  33/50
[36] + Ours (RoMa v2) 58/72  61/75  65/78 44/59 45/60  46/63 27/42  35/53  36/53

Pi3X [36] 51/66  54/70  55/72 34/49  29/45  26/41 25/40  24/40  23/39
[36] + Ours (RoMa+ UFM) 51/67 54/71  55/72 38/54 42/57 49/64 31/44 34/51 41/55
[36] + Ours (RoMa v2) 56/70  63/76  68/80 60/71 63/74  69/79 39/51  50/63 50/63

MapAnything [14] 40/57 38/57  38/58 10120 7/15 5/12 10/21 9720 8/17
[14] + Ours (RoMa+ UFM) 44/61 48/64  52/68 32/43  33/45  34/47 29/43 40/55  42/56
[14] + Ours (RoMa v2) 56/70  62/75  67/79 45/57 48/61 51/64 35/49 46/61 48/61

DepthAnything3 [19] 10120 7/16 5/13 28/42  25/39  23/37 1021 8&/19 8/18
[19] + Ours (RoMa + UFM)  36/50 45/60  53/68 35/49 41/57 45/60 30/43 31/48  38/53
[19] + Ours (RoMa v2) 47/59 57/70  65/77 53/64 58/70  61/72 38/51 46/61 48/62

MAtCha [8] 12/19 1526  18/32 40/52  41/53  42/56 34/47  36/50  33/47
[8] + Ours (RoMa+ UFM)  27/37 40/52  48/63 42/55 47/60  50/65 35/48 43/57  43/57
[8] + Ours (RoMa v2) 38/48 47/60  60/72 53/65 56/67 62/74 39/52  50/63 49/61

MASt3R-StM [5] 12/22  14/35  16/31 37/50  39/51  40/54 34/46  37/50  36/49
[5] + Ours (RoMa+ UFM)  30/41 39/52  48/64 41/55 46/59  48/63 33/47 41/56  42/56
[5] + Ours (RoMa v2) 40/50 51/64 60/73 52/64 55/66 62/73 39/52  49/62  48/61

Table 3. Ablation of SfM Components on ETH3D. We evaluate design variants across three stages of our SfM—matching, bundle
adjustment, and triangulation—and highlight the configuration with the best efficiency or accuracy. For each variant, we report: (1) Time
denotes the running time (s |) of each stage. (2) Cam. denotes the AUC@1/5° (% 7) for camera-pose estimation. (3) Pts. (% 71) denotes
the Accuracy/Completeness@1 cm (% 1) of reconstructed points.

4 Views 8 Views 16 Views
Time (s) Cam. (%) Pts. (%) Time (s) Cam. (%) Pts. (%) Time (s) Cam. (%) Pts. (%)

(a) Dense Matcher

MASIt3R [18] (Sparse) 8.4 75186 19/ 2 21 75/85 21/ 4 57 76/86 26/ 8
RoMa [6] (Dense) 2.3 90/93 47/20 8.8 87/91 46/25 36 89/93 46/29
UFM [40] (Dense) 1.0 64/84 26/19 1.7 81/90 30/25 8.5 77/87 33/30
RoMa [6] + UFM [40] (Ours, Dense) 3.3 86/93 35/22 11 87/92 37/30 44 85/91 40/35
(b) Sparse Bundle Adjustment BA) oo
nga = 512 0.2 85/93 36/23 0.5 85/90 38/31 1.0 84/90 40/35
npa = 2048 1.0 86/93 35/22 1.9 87/92 37/30 15 85/91 40/35
nga = 4096 1.9 87/93 36/23 17 88/92 38/31 29 85/91 41/36
(c) Direct Linear Triangulation DLT)
Ransac-based non-linear triangulation [26] 14 86/93 34/23 64 87/92 36/31 272 85/91 39/35

Direct linear triangulation 0.03 86/93 35/22 0.08 87/92 37/30 0.3 85/91 40/35




vide further experiments showing that this ensemble strat-
egy also yields the best final dense reconstruction.

Sparse BA. We study the effects of nga, i.e. the number of
matches per image used for bundle adjustment (BA). Re-
sults show that reducing nga from 4096 to 512 can consid-
erably reduce the running time, particularly for > 8 input
views, but achieves quite similar camera and points accu-
racy. Our default configuration uses nga = 2048, though
this ablation shows that ngs = 512 actually suffices for the
ETH3D dataset.

DLT triangulation. For the final point triangulation stage,
we emphasise the efficiency of direct linear triangulation
(DLT) [9]. We compare it with the standard COLMAP
pipeline [26], which conducts LO-RANSAC [3] for out-
lier rejection and a non-linear iterative optimization for re-
finement before and after linear triangulation respectively.
For this method, we employ the implementation function
? provided by pycolmap [24], using the same matches and
camera poses as in our DLT implementation. The compar-
ison shows that DLT is orders of magnitude faster than the
RANSAC-based non-linear pipeline, as DLT can be exe-
cuted directly as CUDA tensor operations (See Sec.E.1).
Remarkably, even without LO-RANSAC and without a sub-
sequent non-linear refinement, DLT attains comparable and
in many cases superior accuracy and completeness. This
robustness stems from our prefitering of correspondences
using cycle consistency and matching confidence.

Table 4. Ablation Studies on GGPT. We report AUC@5/10 cm
on within-domain ScanNet++ and cross-domain ETH3D 8-

view splits and AUC@1/5 cm on out-of-domain 4D-DRESS .

SNt++ ETH3D  4DDS.

VGGT [32] 19/32 23/36 10/45
(a) Refinement Architectare
2D Transformers

Xs — VGGT [12, 32] 55/70 25/40 12/52

X, — MapAnything [14] 39/57 11721 5134
3D Networks

Minkowski [2] 39/53 47/60 63/73

PTv3 [37] (Ours) 45/60 47/61 66/77
(b) Input Encodings
w/o X 21/35 20/34 13/42
w/o Xg_ys 24/41 24/41 14/47
w/o zZ 42/57 44/58 56/72
Full model 45/60 47/61 66/77
(¢) Patch Size
r=0.05 30/44 37/50 30/56
r=0.1 39/53 43/57 60/72
r=0.2 45/60 47/61 66/77
r=0.6 40/55 38/53 64/74
r=1.0 41/56 40/56 63/75

2pycolmap documentation

B.2. Geometry-Grounded Point Transformer

In this section, we perform ablations on our Geometry-
Grounded Point Transformer (Tab. 4).

Refinement architecture. We first verify the advantage of
performing geometry-conditioned refinement in 3D space
with a 3D point transformer rather than a 2D image trans-
former. We use two 2D baselines built on pre-trained
VGGT [32] and MapAnything [14]. For VGGT, we fol-
low POW3R [12] to convert it into a geometry-conditioned
model: X is patchified, encoded with an MLP, and injected
into the first multi-view attention layer. MapAnything al-
ready supports encoding additional geometry signals. We
fine-tune both models on the same ScanNet++ training set.
Despite these 2D variants achieve the strongest performance
on the within-domain ScanNet++ test set, their accuracy
degrades substantially on the cross-domain ETH3D and
out-of-domain 4D-DRESS . In contrast, our 3D point
transformer effectively generalises across diverse domains.
Finally, for different 3D backbones, we find that Point
Transformer v3 (PTv3) [37] outperforms Minkowski En-
gine [2].

Input encodings. We evaluate the impact of our input en-
coding strategies using the partial point cloud X from our
SfM pipeline and the dense prediction X,. (1) Without us-
ing X as guidance, the network still learns to uncondition-
ally denoise X4 on ScanNet++, but fails to generalise to
other datasets. (2) Introducing x4—,s (Eq. 8 of the main
paper) to make the network aware of the correspondence
between the guidance and initial prediction proves crucial.
(3) Encoding X as z and providing it jointly with z, sta-
bilises training and improves overall performance. Tab. 4
demonstrates that all introduced encodings are essential for
achieving high-quality results.

Patch-based processing. We study the impact of GGPT’s
patch size by varying the ratio r between the radii of the
input patch and the scene. For larger patch sizes » > 0.6,
GPU memory becomes a bottleneck, and we must reduce
the number of input points from 400k to 100k. In this case,
we randomly subsample 100k points from each cropped re-
gion as the input chunk. We find that a slightly smaller patch
size r = 0.2 shows optimal performance across different
datasets, as shown in Tab. 4. This behaviour may stem from
two factors: (1) smaller patches concentrate the model’s ca-
pacity on capturing fine-grained geometric structure, and
(2) partitioning the scene into numerous small patches ef-
fectively serves as a form of data augmentation, increasing
sample diversity and enhancing generalisation.

B.3. Performance Across Varying SfM Input Den-
sities

As discussed in Section 3.1, adjusting the number of

matches and the filtering threshold allows us to control the


https://colmap.github.io/pycolmap/pycolmap.html#pycolmap.triangulate_points

Table 5. Performance of GGPT across Varying SfM Input Densities. We vary the SfM configuration, including the matcher type, DLT
threshold eprr, and reprojection threshold €;eproj, to obtain SfM point clouds of different coverage (%). We report AUC@5/10 cm on
within-domain ScanNet++ and cross-domain ETH3D 8-view splits and AUC@1/5 cm (% 1) on out-of-domain 4D-DRESS . Our
GGPT is robust to SfM points of various densities, and can improve the complete reconstruction even when the SfM point is extremely

sparse, e.g. 8.5% on ScanNet++.

SNt++

Dense Matcher eprT €reproj Point Cloud

ETH3D 4DDS

Coverage (%) AUC (%) Coverage (%) AUC (%) Coverage (%) AUC (%)

- - - VGGT [321(Xa) 100 19/32 100 23136 100 10/45
RoMa 06 2  OurSMM(X,) 8.5 6/7 29 2023 60 55/56
__RoMa 06 2 +GGPT(Xa) o 2641 00 393 100 3967
RoMa 0.0 ~ 4 “OurSIM (X)) 21 12/15 54 35/41 73 62/64
RoMa 01 4 +GGPT(Xy) 100 31/45 100 46/59 100 66/77
RoMa+UFM 0.6 2 OurStM (X,) 60 33/41 63 35/44 70 52/58
_RoMa+UFM 06 2 +GGPT(Xa) 100 4358 o - 57 100~ 56/67
RoMa+UFM 0.0 4 OurStM (X,) 66 36/45 76 43/54 84 61769
RoMa+UFM 0.1 4  +GGPT (Xa) 100 45/60 100 47/61 100 63/73

density and accuracy of the SfM estimate X, which serves
as geometric guidance for GGPT. In this section, we exam-
ine how GGPT’s final dense predictions vary with different
input densities of X . The results show that GGPT remains
robust and delivers strong performance across a broad spec-
trum of SfM input densities.

Experimental setup. We control the density and accu-
racy of X, using three factors. (1) Dense Matchers: As
shown in Tab. 3, using only RoMa [6] for matching leads
to more accurate yet sparser points than using it together
with UFM [40]. (2) DLT Confidence Threshold (eprr): the
confidence threshold to pre-filter matches for DLT. A higher
value yields more accurate yet sparser X. (3) €reproj: the
2D reprojection error threshold to post-filter points after
DLT. Increasing this threshold also results in more accurate
but sparser X ;. These factors were combined to generate
four sets of X, with various degrees of density as shown
in Tab. 5. These X, offer geometry guidance to different
ratios of the total N x H x W x 3 pixels. For compari-
son with the dense predictions, we also compute the AUC
of each X, which corresponds to the average recall at var-
ious error thresholds. We then feed each X, together with
the VGGT prediction X, into GGPT and evaluate the final
AUC of GGPT’s complete prediction X

Quantitative results. Tab. 5 presents the pixel coverage
and AUC of the VGGT dense prediction X, the various
StM partial-point estimates X, and the GGPT reconstruc-
tion X4 obtained when combining VGGT and SfM inputs.
First, when using only RoMa matches with a strict filter-
ing scheme, SfM yields a very small yet accurate subset of
points. For example, with eppr=0.6 and €eproj=2, SIM re-
covers points for merely 8.5% of pixels, which contributes
to only an AUC@ lcm of 6%. Despite such sparse guidance,

GGPT still substantially enhances the dense reconstruction,
raising VGGT’s AUC@5 cm from 19% to 26%. Relaxing
the filtering thresholds (eprr=0.1, €reproj=4) increases SfTM
coverage (21% on ScanNet++), albeit with additional noise.
Even so, GGPT continues to improve the dense prediction,
achieving an AUC@5 cm of 31%. The same behaviour is
observed across all datasets, demonstrating that GGPT is
robust to both sparsity and noise in the SfM input. Fig. |
provides qualitative examples showing how GGPT effec-
tively exploits highly sparse SfM guidance to refine VGGT
outputs.

Next, we consider combining RoMa and UFM matches
(implementation details in Sec. E.1). This increases STM
point density but also introduces additional noise, consis-
tent with our observation that UFM attains higher recall but
lower accuracy than RoMa (Tab. 3). On 4D-DRESS, in-
corporating UFM increases SfM coverage yet slightly low-
ers AUC@1 cm, which in turn reduces GGPT performance
compared with using RoMa alone—although GGPT still
clearly surpasses both the raw SfM points and VGGT pre-
dictions. On ScanNet++ and ETH3D, however, GGPT ben-
efits from the richer geometric cues and achieves the best
dense reconstructions. Consequently, our default inference
setting uses only RoMa on 4D-DRESS and the RoMa s+
UFM ensemble on other datasets.
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Figure 1. GGPT’s Robustness to Sparse Guidance. Test examples from ETH3D [25] (1st row), ScanNet++ [39] (2nd and 3rd rows),
and 4D-DRESS [35] (4th row). Points with predicted confidence below the 10% quantile are filtered. SfM points are produced with
matchings from RoMa [6]. We visualise the SfM points and compare error maps before and after GGPT refinement. In the zoomed-
in regions, the ground truth (coloured by input RGBs) is overlaid with the predictions (coloured by error) to highlight how our method
corrects misaligned input points. SfM guidance provides little support in textureless regions, such as white walls or black cloth, but GGPT
effectively propagates sparse guidance to unguided areas, improving the overall accuracy of the point map. Quantitative evaluation can be
found in Tab. 5.



Table 6. Comparison of GPU Memory Consumption and Inference Speed. (a) We show the per-stage GPU memory and running time
of our pipeline. (b) We compare our method with feed-forward method [32] and hybrid methods [5, 8] across varying view counts.

Peak GPU Memory (GB) |

Inference Time (s) | AUC@5/10 cm (%)

4 Views 8 Views 16 Views

4 Views 8 Views 16 Views 4 Views 8 Views 16 Views

(a) Pipeline Breakdown

VGGT Initialisation 6.9 7.0 8.0 0.1 0.2 0.3 - - -
Our StM
Dense Matcher - RoMa [6] 1.4 1.9 3.1 1.9 9.0 36 - - -
Dense Matcher - RoMa v2 [7] 4.9 53 6.1 1.5 3.1 10 - - -
Dense Matcher - UFM [40] 2.2 2.7 4.1 0.5 1.7 8.8 - - -
Bundle Adjustment 0.3 0.8 2.1 1.0 1.9 15 - - -
DLT Triangulation 0.7 3.1 5.9 <0.1 0.1 0.3 - - -
GGPT Refinement 1.6 3.1 4.8 2.6 4.1 6.1 - - -
(b) Comparison with Baselines
MAST3R-StM [5] 33 33 33 21 52 115 37/50  39/51  40/54
MAtCha [8] 33 3.6 9.4 48 102 242 40/52 41/53  42/56
VGGT [32] 6.9 7.0 8.0 0.1 0.2 0.3 27/41  23/36  19/32
VGGT + Ours (RoMa + UFM) 6.9 7.0 8.0 7 18 70 41/55 47/61  49/63
VGGT + Ours (RoMa v2) 6.9 7.0 8.0 5 9 34 56/66 58/68 63/73
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Figure 2. Performance vs. number of views on ETH3D. Using
the latest dense matcher RoMa v2 [7], our method consistently
surpasses the baselines with a favourable runtime profile across a
wide range of input views, scaling effectively up to 50.

C. Efficiency Analysis

We provide an analysis of GPU memory consumption and
inference time of our method on the ETH3D test set in
Tab. 6.

C.1. Pipeline Breakdown

Our dense point map prediction pipeline comprises three
stages: feed-forward initialisation, SfM reconstruction, and
GGPT refinement. We use VGGT [32] as the representa-
tive feed-forward model for analysis, as other feed-forward
approaches [ 14, 36] exhibit comparable inference costs.
GPU memory consumption. VGGT demands the most
GPU memory, driven by full self-attention across many
multi-view patches and a deep hierarchy of attention lay-
ers. The dense matcher [6, 40], bundle adjustment, DLT
triangulation, and GGPT refinement incur smaller memory
footprints. The stages of DLT triangulation and GGPT re-
finement also support iterative batch processing: input im-
ages or matches can be divided into independent batches
to reduce memory usage when handling larger numbers of
views.

Inference time. The dense matcher RoMa [6] is the domi-
nant source of running time in our pipeline, as it is applied
to all image pairs. This cost can be reduced by restrict-
ing matching to overlapping views. Bundle adjustment is
lightweight, requiring less than two seconds for up to eight
views, and for sixteen or more views its runtime can be fur-
ther reduced by lowering ngs to 512, as shown in Tab. 3.
DLT triangulation adds only negligible overhead. GGPT



refinement over all patches contributes additional seconds.
After the initial submission, we find that adopting more re-
cent RoMa v2 [7] as the dense matcher further improves
efficiency and accuracy.

C.2. Comparison with baselines

Compared with feed-forward models such as VGGT [32],
our method maintains a similar memory footprint while in-
troducing a modest increase in inference time, yielding sub-
stantially higher geometric accuracy. Although this makes
the approach slower than pure feed-forward alternatives,
we believe the additional runtime represents a worthwhile
trade-off in applications where precise geometry is critical.

Additionally, with RoMa v2 as the dense matcher, our
method can scale to more views while maintaining a
favourable speed-accuracy trade-off. As shown in Fig. 2,
when scaling to 50 input views, our approach is five times
faster than MASt3R-SfM and substantially outperforms the
baselines across varying numbers of views.

D. Comparison with more SfM methods

D.1. Comparison with Dense-SfM [17]

Similar to our SfM, Dense-SfM [17] adopts RoMa dense
matcher to extract pairwise correspondences. In contrast
with our SfM, Dense-SfM integrates dense matchings into
an incremental COLMAP pipeline, requires a Gaussian
Splatting [15] process to extend multi-view tracks, and per-
forms iterative track refinement and global BA. We compare
our SfM with Dense-SfM to demonstrate the effectiveness
and efficiency of our method.

Since the Dense-SfM code is not publicly available, we
follow the evaluation protocol in their paper and evaluate
our SfM on the same benchmarks, i.e. the ETH3D [25] se-
quences with complete input views and the IMC [13] test
set. We use RoMa for exhaustive matching, consistent with
their setting, and compare camera pose accuracy with the
results reported in Tab. 2 of their paper. Since both meth-
ods use the same matching procedure, we exclude matching
time from the runtime comparison for clarity. Dense-SfM
further reports around 5 minutes for 3D Gaussian training
on ETH3D (Sec. 8.1 of their supplementary), in addition to
iterative track refinement and BA, whereas our SfM requires
only a single sparse BA.

Table 7. Comparison with Dense-SfM.

Method ETH3D (~ 36 views) IMC (~ 9 views)
AUC@1/3° Runtime (s) AUC@3/5° Runtime (s)

Dense-StM 61/78 >300 48/61 unavailable

Our StM 81/85 38 56/66 1.5

Tab. 7 shows that our method achieves higher accuracy
while being substantially faster, thanks to our feed-forward
initialisation and effective track selection strategy.

E. Additional Implementation Details

E.1. Structure From Motion

Image Resolutions. All images are resized by setting a tar-
get width while preserving the original aspect ratio. For
the feed-forward models [8, 32, 36], we use a width of
518 pixels. For the RoMa dense matcher [6], we provide
full-HD inputs (width = 1920), which we find improves
matching accuracy. For the UFM matcher [40], we use
the UFM-Refine model’, which internally resizes inputs
to width = 560. All output matches are then resized to
width = 518. Bundle adjustment, DLT triangulation, GGPT
refinement, and final evaluation are performed at this reso-
lution.

Dense matchers ensemble. We combine the match predic-
tions from RoMa [6] and UFM [40] to produce the global
correspondences and confidence tensors (T, C) in Eq. (2)
of the main paper. Concretely, we denote the tensors pre-
dicted by RoMa and UFM by (T}, C;) and (T, C;) re-
spectively. We compute their cycle consistency tensor (Eq.
(3) of the main paper) and denote them as £; and 5.

51[i,k7u] = HTl[k‘aLT][%k’uH - uHZ (1)
eali, k,u] = || Ta[k, 4, Tali, k, ul] — ul|, )

Each query pixel u in source view ¢ has two predicted
correspondences in target view k£ from the two matchers.
We choose the correspondence with a smaller cycle consis-
tency error. Formally,

T=[e1<a]0T +[e>el0oT, 3
C=[1<&]0C +[>]0C, 4)

Ensembling two matchers improves the completeness of
SfM points, as shown in Sec. B.1 and Tab. 3, and it sub-
sequently improves the final dense prediction, as shown in
Sec. B.3 and Tab. 5.

Direct linear triangulation. We provide the mathemati-
cal formulation of the direct linear triangulation (DLT) used
in our SfM pipeline. The objective of DLT is to estimate
the 3D homogeneous points X € RM*4 that minimise the
2D reprojection error, given multi-view tracks in 2D ho-
mogeneous coordinates T € RNXM*2 and its visibility
mask M € RV*M 4 49 well as the BA-estimated intrin-
sics K € RV*3%3 and extrinsics E € RV*3%4, Here N
denotes the number of views, and M denotes the number
of multi-view tracks, which is also the number of points to
estimate.

3https://huggingface.co/infinity 1096/UFM-Refine
“Here, (T, M) are derived from (Tppr € RNXHXMX2 Ny 4 €
RN XHXMY a5 introduced in Sec. 3.1 of the main paper.
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For each 3D point X[i} € R*, its 2D reprojections in N
views can be represented in 2D homogeneous coordinates
as PXM € RV*3, where P = KE is the multi-view pro-
jection matrix. As the 2D projections should be close to the
observation T[:ﬂ;] € RV*2 in visible views, the objective of
DLT is to estimate

Xj) = arg min|| My © (deh(PXpy)) = Tp.q) || )
X1
where deh(-) is the de-homogenising operation.

deh(Y) =Y. 10171/ Y[ 2) (6)

This can be approximated by a least-squares problem

X[i] ~ argmin HAixH @)
B

M, (T1,6,0) Pini2,) — Pnsoyg)
M i (Tin,ia) Pin2,g — Prntyy)

®)

Here, ~ denotes equality up to scale. The solution has a
closed-form via singular value decomposition. Moreover,
all X[i] and A; can be processed in parallel to solve for X
efficiently using CUDA tensor operations in PyTorch.

After DLT triangulation, for each estimated point, we
compute its maximal 2D reprojection error and minimal tri-
angulation angle across all visible views, both of which can
be efficiently evaluated via tensor operations. Points with
maximal 2D reprojection error exceeding 4 pixels or mini-
mal triangulation angle below 3° are discarded. The remain-
ing points constitute our final geometry guidance, denoted
as X, € RM %3,

To establish correspondences between the geometry es-
timate X, € RM'*3 and the initial dense prediction X4 €
RN*XHXWX3 " \we project X, back to their visible views,
round the 2D coordinates, and assign the 3D coordinates to
the corresponding integer pixels. For pixels receiving mul-
tiple projections, we compute the average of the 3D esti-
mates.

E.2. Geometry-Grounded Point Transformer

Architecture. The point transformer encoder begins with
an MLP embedding layer, followed by five down-pooling
and four up-pooling stages, producing features of di-
mensionality V' = 96. The down-pooling stages in-
clude (2,2,2,6,2) attention blocks with hidden dimen-
sions (64,96, 128,256, 512), with each stage followed by

a down-sampling grid-pooling layer. The up-pooling stages
contain (2, 2, 2, 2) attention blocks with hidden dimensions
(256,128, 96, 96), each stage preceded by an up-sampling
grid-pooling layer. The point cloud is voxelised at a grid
resolution of 384, with strides of (2,2,2,2) for the grid-
pooling layers. For details on the attention blocks and grid
pooling, see [37]. Each point feature output by the point
transformer backbone is concatenated with its input embed-
ding z and passed through a three-layer MLP with two in-
termediate ReLLU activations and 256 hidden dimensions,
producing four outputs: three for 3D coordinate residuals
and one for confidence. The complete GGPT model has a
total of 53 million parameters.

Training dataset. We curate the training dataset by sam-
pling 20k multi-view sequences from the 856 training
scenes of ScanNet++ [39]. Each multi-view sequence con-
sists of 4-16 input views, which are randomly selected fol-
lowing the view-sampling algorithm in [14]. For each se-
quence, we use VGGT [32] to predict dense predictions X4
and provide camera-pose initialisation for our StM. We use
the configurations described in Sec. E.1 to run our SfM
pipeline except we only use RoMa [6] matcher for dense
correspondence extraction. The training dataset generation
used eight NVIDIA GH200 GPUs for one day.

Training hyperparameters. We set the weight of the iden-
tity consistency loss as Ajq = 1, and the weight of the con-
fidence term as a = 0.2. We use Adam optimiser with a
learning rate of le — 4 and a batch size of 24. The model
is trained for 100k iterations, which is performed on eight
NVIDIA GH200 GPUS for one day.

Patch-based processing. We patchify the input point cloud
during both training and inference. We calculate the scene
radius R as 3 x std(X) and sample each input chunk with
a half width of » = 0.2R. To avoid out-of-memory issue,
we input a maximal number of 400k points for each chunk.
If the sampled chunk contains more points than this, which
happens sporadically, we reduce the width by x0.9. Dur-
ing training, we randomly sample a chunk from each scene
by sampling an anchor point from X and cropping a box
centred at it. Each batch thus contains 24 chunks from 24
possibly different scenes. During inference, we cover the
whole point cloud by iteratively sampling an anchor point
from X and taking its surrounding points. At each itera-
tion, we only sample anchors which are not covered previ-
ously, but still include other points in the box even if they
have been processed. This ensures some overlapping be-
tween chunks while saving redundancy. sampling termi-
nates once all points in X are covered. Empirically, this
yields around 50 chunks for the whole scene on average.
For unprocessed points in X4, which usually make up fewer
than 5% of the scene and are regions without any valid ge-
ometry constraints, we retain their initial dense predictions
in the final output.



E.3. Point Evaluation

Ground-truth reference. We use the ground-truth metric
point map Xy € RNXHXWX3 gt 3 resolution of W =
518 as the reference for evaluation. For ETH3D [25] and
ScanNet++ [39], the provided depth maps are first undis-
torted to linear camera models and then unprojected to ob-
tain the ground-truth point maps. For T&T [16], we em-
ploy PyTorch3D to render the provided laser point clouds
into 2D depth maps, remove occluded pixels, and subse-
quently unproject them back to 3D. For Blender-rendered
datasets, including 4D-DRESS [35] and MV-dVRK [1], we
unproject the ground-truth depth maps directly output by
Blender. Owing to the incompleteness of laser scans in real-
world datasets or the invalid background regions in syn-
thetic datasets, each X, is associated with a valid mask
M, € [0, JV>HXW  Accuracy is evaluated exclusively
within the valid regions defined by M.

Procrustes alignment. Given the ground-truth metric point
map Xy € RNXHXWX3 and predicted scale-invariant
point map Xpreq € RV*HXWX3 we first estimate the opti-
mal similarity transformation (s, R € SO(3),t € R?) that
aligns Xpreq to X Following prior work [18, 32, 33], we
use the Umeyama [28] algorithm to compute the alignment
using Mg ©® Xg and Mg © Xpreq. To improve robustness
against outliers in the prediction, we employ the RANSAC-
based robust Umeyama implemented by pycolmap [24]°
with a minimum inlier ratio of 0.8 and a maximum er-
ror of 3 cm. The aligned predicted points are denoted as

X! eg = $SRXpreq + t.

Metrics. For each pixel with valid ground truth, we com-
pute the 3D Euclidean error as

E[TL, u] = ||th[n7 u] - X;red [TL, 11} HQ’ ©))

where n indexes frames and u indexes pixels.

Given an error threshold 7, the recall at threshold 7
(Recall@7) is defined as the fraction of pixels with error
below 7:

1
RecallQr = —

i Z 1{e[n,u] < 7}, (10)

(n,u)eM

where M = {(n,u) | M(n,u) = 1} is the set of pixels
with valid ground truth, and | M| is its cardinality.

Finally, the area under the curve up to threshold 7
(AUC@7) is computed by averaging recall over all integer
thresholds 1,2,...,7:

1 T
AUCar = - E RecallQk. (11)
T
k=1

3pycolmap documentation

F. Depth Evaluation

In addition to point-based metrics, we can also evaluate
depth prediction. Specifically, after the Procrustes align-
ment in Sec. E.3, we use the estimated similarity trans-
formation to transform the camera extrinsics into the same
world coordinate system as X ;. We then project X,
to each view to obtain per-view depth predictions, which
are compared against ground truths. Note that no further
scaling is applied to the predicted depths, as the similarity
transformation already accounts for scale.

Following standard depth evaluation protocol [42], we
report the absolute relative error (Rel) and inlier ratio at
1.01 and 1.03 (7) before and after GGPT refinement. Tab. 8

shows that GGPT consistently improves the depths.

Table 8. Depth metrics. We report relative absolute error (Rel
%) and inlier ratio at 1.01/1.03 (7 %) on cross-domain and

out-of-domain test sets.

ETH3D T&T 4DDress MV-dVRK
Rell 71 Rell 71 Rell 71 Rel] 771

VGGT 4.3 27/57 29 40/79 754 0/0 31.8 1/3
+Ours 2.3 63/85 2.3 58/85 79 72/81 114 40/60

Pi3 3.7 27/60 29 38/75 8.6 17120 9.4 1029
+Ours 22 59/86 2.1 5887 48 27/66 59 34/63

G. Additional Qualitative Results

We visualise additional results in Fig. 3 (ETH3D), Fig. 4
(ScanNet++), Fig. 5 (T&T), Fig. 6 (MV-dVRK), and Fig. 7
(4DDress). We apply our method to existing dense recon-
struction methods [5, 8, 14, 32, 36] and compare the er-
ror map of the point maps before and after our refinement.
Note that we only visualise the error map for pixels with
valid ground truth reference. Additionally, following prior
work [14, 32, 36], we filter out points with predicted confi-
dence below the 10% quantile.

Visual results demonstrate that our method can improve
various baselines consistently across different datasets. On
ScanNet++ [39], the within-domain test set, Pi3 [36]
achieves near-saturated performance because it is trained on
a large corpus of similar indoor scenes, leaving little room
for improvement. However, our method can still noticeably
improve its performance on other datasets, particularly out-
of-domain 4DDress and MV-dVRK datasets.

With these visualisations, we also acknowledge that our
method shows limitations in refining local details, exhibit-
ing red error patterns in some detailed areas, failing to cor-
rect geometry in regions without geometry guidance, and
sometimes exhibiting patchy artefacts. For these limita-
tions, we further discuss possible solutions and future di-
rections in the next section.


https://colmap.github.io/pycolmap/pycolmap.html#pycolmap.estimate_sim3d_robust

H. Limitations and Future Directions

End-to-end 3D reconstruction. Our pipeline currently
consists of three sequential stages to obtain a multi-view
consistent reconstruction. Because the SfM geometry guid-
ance and the GGPT dense refinement operate in separate
steps, any error in the SfM stage propagates directly into
the refinement stage. As a result, GGPT struggles in re-
gions where the geometry guidance is inaccurate or incom-
plete. A natural direction for future work is to develop an
end-to-end approach that jointly estimates geometry based
on multi-view constraints and predicts the dense reconstruc-
tion. One possibility is to integrate 2D image cues into the
point embeddings and train the 3D point transformer to re-
fine points directly through 2D photometric consistency.

Improving point transformer architecture. As described
in Sec. 3.2, our current GGPT adopts patch-based pro-
cessing strategy and confidence-weighted fusion. This
saves memory consumption and allows us to process large-
scale scenes. It is also used by point cloud denoising
networks [23, 29]. Additionally, we find in our ablation
(Tab. 4) that a small patch size enables the network to im-
prove both fine-level accuracy and generalisation. However,
this strategy also has two downsides. (1) It may result in
some patch-wise artefacts and non-smooth transitions be-
tween different patches. (2) It sacrifices long-range spatial
dependency, since points in two non-overlapping patches
cannot attend to each other. As a consequence, our predic-
tion still exhibits error in regions which do not have geom-
etry guidance and need to leverage guidance from distant
areas. A future direction will be to develop a multi-scale hi-
erarchical point transformer to improve the long-range de-
pendency and global smoothness while maintaining the ac-
curacy in local detail refinement.

Scaling up training datasets. Our current GGPT is trained
solely on indoor scenes from ScanNet++ [39], yet already
generalises to cross-domain [16, 25] and out-of-domain [1,
35] datasets. Thanks to our efficient SfM pipeline and
scalable point transformer architecture, training GGPT on
larger datasets is practical. Future work could incorporate
more diverse datasets, such as Tartan [34] and BMVS [38],
to further enrich the model with general 3D geometry pri-
ors, which is expected to improve sharp, fine-grained geo-
metric details in the dense reconstruction.

Extending to large numbers of input views and dense
captures. Our work targets 3D reconstruction from a lim-
ited set of unposed input views, characterised by discrete
spatial distribution and random overlap. Accordingly, we
conduct experiments using at most 16 input views. Scal-
ing up to captures with hundreds or thousands of im-
ages—typical in large outdoor or indoor scenes—would

require further optimisation to keep computation manage-
able. One avenue is to replace VGGT with recent memory-
efficient feed-forward variants [4, 21, 27] for initialisation.
Another is to avoid exhaustive pairwise matching by adopt-
ing the strategy of MAST3R-SfM [5], running matchers
only on overlapping image pairs, with overlap predicted
by a feed-forward model. Additionally, our focus on dis-
crete input views means that we do not treat video-based
settings, where frames provide continuous coverage with
dense overlap. In such cases, camera poses are typically
obtained with classical SfM pipelines [24, 26], and dense
reconstruction, given known camera parameters, is usually
handled by Multi-view Stereo methods [10, 11,30, 41]. The
reliance on camera parameters and the small triangulation
angles involved (often below 10°) places MVS methods in
a different regime from ours. Nonetheless, it would be in-
teresting to explore as a future direction whether our idea
of geometry-guided 3D point transformer could also benefit
dense-overlap scenarios.
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Figure 3. Visual Results on ETH3D [25]. We present error maps for all baselines alongside our refined predictions and report the AUC@ 10
cm (%) for each scene. Points with confidence below the 10 % quantile are discarded. Because the laser ground truth is incomplete, some
pixels in the error maps have no valid values.



Input VGGT [32] Pi3 [36] MapAnything [14] MAtCha [8] MASt3R-SfM [5]
AUC@10 = 20 AUC@10 = 72 AUC@10 = 57 AUC@I0=19 AUC@10 =19

VGGT [32] + Ours Pi3 [36] + Ours MapAnything [14] + Ours  MAtCha [8] + Ours MASt3R-SfM [5] + Ours
AUC@10 = 52 AUC@10 = 73 Aucelo=cs
5y =

L

Input VGGT [32] Pi3 [36] MapAnything [14] MA(Cha [8] MASE3R-SfM [5]
AUC@10 =9

AUC@10 = 75 AUC@10 = 59 AUC@10 = 7

i;\UC@ 10 = 16

v

VGGT [32] + Ours
AUC@10 = 59

Pi3 [36] + Ours MapAnything [14] + Ours  MAtCha [8] + Ours MAS3R-SfM [5] + Ours
AUC@10 = 71 AUC@10 = 67 Auc@lo =49 AUC@10 = 50

Input VGGT [32] Pi3 [36] MapAnything [14] MAtCha [8] MASt3R-SfM [5]
AUC@10 = 35 AUC@10 =72 . AUC@I0=59 AUC@10 = 16 . AuC@io= 3

VGGT [32] + Ours Pi3 [36] + Ours MapAnything [14] + Ours MAtCha [8] + Ours MASt3R-SfM [5] + Ours
AUC@10 = 65 AUC@10 =72 AuCa@lo = 67 AUC@10 = 57 L aceiosst

Input VGGT [32] Pi3 [36]
AUC@10 = 10 ) AUC@10 = 73
A !’ | \
g 2.
=
VGGT [32] + Ours Pi3 [36] + Ours MapAnything [14] + Ours MAtCha [8] + Ours

AUC@10 = 65 ., Aucelo =77

W

AUC@10 = 64 AUC@
. 1 7

0 10 20 30

Figure 4. Visual Results on ScanNet++ [39]. We compare the error maps between baselines and our refinement and report the
AUC@10cm (%) for each scene. We filter points with predicted confidence below the 10% quantile. On the within-domain ScanNet++,
Pi3 [36] achieves saturated performance as it is trained on a large scale of similar indoor scenes, leaving limited room for further improve-
ment. Nevertheless, our method still enhances its performance on other datasets, as demonstrated in the accompanying figures.
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Figure 5. More Visual Results on T&T [25]. We compare the error maps of the baselines with those of our refinement and report the
AUC@10cm (%) for each scene. Points with predicted confidence below the 10% quantile are removed. As the laser ground truth does
not cover all pixels, some regions in the error maps remain unlabelled.
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Figure 6. More Visual Results on MV-dVRK [1]. We compare the error maps of the baselines with those of our refinement and report
the AUC@5 mm (%) for each scene. Points with predicted confidence below the 10% quantile are discarded.
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Figure 7. More Visual Results on 4D-DRESS [35]. We compare the error maps of the baselines with those of our refinement and report
the AUC@5 cm (%) for each scene. Points with predicted confidence below the 10% quantile are discarded.
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