VGG-T°: Offline Feed-Forward 3D Reconstruction at Scale

Supplementary Material

In this appendix, we provide:

e A detailed description of the implementation and
training process of VGG-T?, including dataset usage,
image collection sampling (based on co-visibility), train-
ing hyperparameters, and the specific parameters that are
optimized during training (Sec. A).

* Enhancements to the VGGT baseline that enables pro-
cessing of larger image collections as well as increased
accuracy making it a stronger baseline. (Sec. B)

e Further ablation studies on key components of our
method, including the effect of the number of optimizer
steps used for the Test-Time Training (TTT) objective and
an investigation into different filter configurations for the
ShortConv2D layer, showing optimal settings (Sec. C).

¢ Additional qualitative results and visualizations for
comparison with baselines (VGGT, TTT3R), qualitative
examples of visual localization, and a discussion of the
method’s performance on scenes with larger spatial ex-
tent (Sec. D).

A. Implementation Details

Training. We list the datasets used for training in Sec. A.
To obtain an image collection during training, we follow
a greedy sampling approach: The algorithm starts by ran-
domly sampling the first image, then uniformly samples
from the set of images with co-visibility greater than 0.3
with any of the images currently in the collection. This step
repeats until the desired collection size is reached. We pre-
compute the required co-visibility matrix via a depth con-
sistency check [85].

Following VGGT, we use an adaptive batch size with im-
age collections of 2-24 images while keeping the total num-
ber of images per GPU at approximately 48. The image as-
pect ratio is sampled uniformly from the interval [0.5, 2.0],
and images are then resized such that their longer side is
518. During training, we apply color jitter augmentation to
each image independently, making the network more robust
to brightness and contrast changes.

We train VGG-T3 using AdamW [61] with a learning
rate of 10~%, weight decay of 0.05, and 3; = 0.9,3; =
0.95. The learning rate increases by a factor of 10 during
the first 1,000 training steps, then decays following a co-
sine schedule to a final learning rate of 10~°. For the in-
ner optimization of the test-time training objective, we use
Muon [45] with 5 Newton-Schulz iterations, a learning rate
of 0.1, and employ 1 optimizer step during training. The
TTT MLPs use input and output dimension 1024, matching
the hidden state size of VGGT, and projects to 4 x the input

Type Dataset

Aria Synthetic Environments [5]
DynamicReplica [47]

Hypersim [73]

Replica [83]

Cubify Anything [54]
Scannet++ [109]

Scannet [18]

Taskonomy [110]

Indoor

Mapillary Metropolis [72]

MatrixCity [56]

Megadepth [57]

Mid-Air [29]

Mapillary Planet-scale Depth Dataset [2]
ParallelDomain4D [25, 90]

VvKITTI2 [14, 31]

CO3DvV2 [71]
Kubric [33]
Wild-RGBD [102]

BlendedMVG [108]
DL3DV-10K [58]
Spring [63]
TartanAirV2 [98]
UnrealStereo4k [89]

Outdoor

Object centric

Mixed

Table 7. Datasets used for training.

dimension in their hidden layers. We train only the QKV
projection matrices as well as the output projection in the
global attention layers and the newly introduced parameters
of the TTT module, while keeping all remaining parameters
of the VGGT architecture (including encoder, per-image at-
tention, and prediction heads) frozen.

Additionally, only the values projected from image patch
tokens participate in the ShortConv2D operation. The cam-
era and register tokens are passed through.

Inference details. The VGGT architecture, which we ini-
tialize with, has multiple decoders that predict redundant
geometric quantities. To obtain pointmaps one can either
use the outputs of the global pointmap prediction head di-
rectly or use the camera and depth predictions together to
unproject to pointmaps. While VGGT finds the latter to
be more precise, we use the global prediction head to ob-
tain pointmaps due to the imprecise camera pose predic-
tions mentioned in Sec. 4.1, which would otherwise degrade
the pointmaps obtained by unprojecting depth. In Sec. 4.3,
we retain the camera tokens of all mapping images as input
to the camera head in the visual localization setting since



VGGT’s camera head requires the camera tokens of all im-
ages. The camera token of the query image then participates
in the softmax attention operation in the camera head before
it is decoded to camera parameters. For all benchmarking,
we use NVIDIA A100-80GB GPUs.

Further evaluation details. For visual localization results
in Sec. 4.3, we sub-sample mapping images at a stride of
200 for 7Scenes and 20 for Wayspots. For pointmap evalu-
ation Sec. 4.2, the usage of the iterative closest point (ICP)
algorithm for alignment of prediction and ground truth point
clouds makes evaluation very slow when evaluating predic-
tions on large image sets. We instead select a set of equally
spaced keyframes, that capture the scene geometry, to com-
pute pointmap metrics while we treat all other frames as
supporting views. For our evalution we use 10 keyframes.
For TTT3R, we provide the images in sequential order with
the keyframes last such that the model has seen all images
of the scene before making predictions.

B. VGGT adjustments

To enable a fair comparison with VGGT in the setting with
a large number of images in Sec. 4.2, we perform several
changes in the VGGT codebase that enhance its perfor-
mance.

Memory-optimizations and distributed inference. First,
we follow Shen et al. [79] and discard unused activations
in VGGT’s alternating attention module, which allows pro-
cessing up to 1k images on a single 80GB GPU. Next, we
enable context parallel inference using Ulysses [41], imple-
mented in TransformerEngine ', in the global attention lay-
ers. We note that the underlying attention implementation
still uses FlashAttention2 [21]. While this allows VGGT
to run for 2k images, as we show in Sec. 4.2, this requires
runtimes up to 47 minutes on 2 GPUs.

Enhanced long-sequence generalization. For fair com-
parison on large image collections, we further adjust the
scale parameter of the softmax in the global attention lay-
ers similar to the approach of Jin et al. [44], ensuring the
entropy of the attention matrix stays constant. Let

exp(\kL g,
>k exp(Mey gr)

be the attention scores as used in softmax attention where
A = 1/vd [91]. We instead set

N = Amax(1.0,logy,. N), (7

where Nt and N are the maximum number of tokens
seen during training and of the current sequence, respec-

lhttps : / / docs . nvidia . com / deeplearning /

transformer-engine/user-guide/api/pytorch. html#
transformer_engine.pytorch.DotProductAttention

#images 250 500 750 1000
cD| NCt CD) NCt CD| NC{ CD| NCt
VGGT 0018 0.894 0025 0876 0040 0864 0041 0855

VGGT + Entropy-scaling  0.016 0.894 0.017 0.889 0.030 0.871 0.029 0.872

Table 8. Attention entropy-scaling makes VGGT a stronger base-
line on large image collections.

N
8 Optimizer steps °
3 o 0 o
z o- 1 ©
A ° o
5} -1 -0~ 2 o
“é 10 -o- 3
E -e- 4 o
© o
o
————— - - —————
°- - S o-----= e---==%
@--—---- - - ---== @---Q-CIsgtoi---e-
& -——--—-= Rt -~ $=-—8--""
10! 10° 10°
Number of images

Figure 4. Pointmap error with increasing number of images when
varying the optimizer steps on the TTT objective.

tively. This ensures that the scaling is the same for se-
quence lengths seen during training, while for larger se-
quence lengths the attention matrix is sharpened. Since
VGGT trains using a maximum of 24 images with 518 x518
resolution and uses patch size 14, we set Ny = 24 %
(518/14)% = 32,856. We show improved performance us-
ing this entropy-scaling in Tab. 8 for large image collections
making the VGGT baseline significantly stronger.

C. Additional Results

Number of optimizer steps. We provide an additional
evaluation varying the number of steps used to optimize
the TTT objective Eq. (3) at inference time for varying
image collection sizes. We report results on the NRGBD
dataset [60] in Fig. 4. As expected, we find that without TTT
optimization the reconstruction error is high as no global
information is propagated across tokens. A single opti-
mizer step is sufficient for image collection sizes seen dur-
ing training; however, the reconstruction error degrades as
the number of images extends beyond that. Two optimizer
steps achieve the best performance across a wide range of
image collection sizes, and further increasing the number of
steps to 3 or 4 leads to comparable or slightly worse perfor-
mance.

ShortConv2D. In the main paper, we find improved perfor-
mance when using a 3 X 3 ShortConv2D on values v; of the
attention operation before optimizing the MLP using TTT.
Here, we provide further experiments using different con-
figurations of our ShortConv2D. In addition to a 3 x 3 filter
on the values v; (V'-3) used in the main paper, we consider a
5x 5 filter (V-5) and a variant where we apply ShortConv2D
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CD]} NCt mAAQ30)*+

No ShortConv2D 0.074 0.833 72.16
V-3 0.066 0.838 74.14
V-5 0.069 0.833 72.52
K-3 0.068 0.834 72.89
KV-3 0.081 0.820 69.44

Table 9. Results for different filter configuration in Short-
Conv2D.

to keys k; and values v; jointly (K'V-3).

We report results in Tab. 9. We observe that increasing
the filter size from 3 to 5 does not further increase perfor-
mance, showing that a filter size of 3 is sufficient to obtain
a strong self-supervised objective for TTT. Applying Short-
Conv2D to both the keys and values results in decreased
performance. We explain this by the fact that applying the
same spatial mixing does not break the dependency between
keys and values, as explained in Sec. 4.2.

D. Additional Qualitative Results

Qualitative comparison. We report additional qualita-
tive comparisons between VGGT, TTT3R, and VGG-T3 in
Fig. 5. TTT3R and VGG-T? process these 1k image col-
lections within 1 minute; however, our method produces
3D consistent reconstructions while TTT3R degrades sig-
nificantly. VGGT achieves slightly sharper details but takes
more than 11 minutes due to the quadratic scaling of soft-
max attention.

Visual localization examples. Complementary to the vi-
sual localization results in Sec. 4.3, we show examples of
localizing query images in the completed reconstruction by
running the frozen MLPs in Fig. 6. In Fig. 7, we show an in-
the-wild example where we localize a tourist picture taken
from a phone camera, together with its geometry, within a
recording of an autonomous vehicle from the KITTI dataset
that is 7 years older. Despite the temporal gap and changes
in the street, our method successfully localizes the query
image. We observe that the tourist photo captures upper
parts of buildings not visible from the car-mounted camera,
demonstrating the robustness of our approach to viewpoint
variations.

Scenes with larger spatial extent. We visualize recon-
structions of Waymo sequences that have larger spatial ex-
tent in Fig. 8. While VGG-T? can often achieve similar
results to VGGT (Fig. 8a), in some cases with more com-
plex scene layouts, the reconstruction quality is degraded
(Fig. 8b). We note this as a limitation that linear-time at-
tention mechanisms cannot yet match softmax attention in
all cases; however, this also provides an interesting avenue
to explore for future work by, e.g., adapting the amount of
computation depending on scene complexity and designing

more expressive linear attention mechanisms that match the
accuracy of softmax attention.
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Figure 5. Qualitative comparison. From left to right: VGGT, TTT3R, VGG-T? (Ours)



Figure 6. Visual localization examples in Wayspots and 7scenes. Ground truth camera for query image (not used for reconstruction)
shown on the left in green, predicted camera and geometry in red.
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Figure 7. In-the-wild visual localization. We reconstruct a sequence of the KITTI dataset, then localize a tourist picture that was recorded
7 years later. Note the changes in appearance and composition of the scene.



(a) Similar reconstruction as VGGT.

(b) Failure cases.

Figure 8. Waymo sequence reconstructions comparison with VGGT.
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