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Abstract

We introduce VGGT-Ω, a feed-forward model for 3D recon-
struction that improves accuracy, efficiency, and capabili-
ties for both static and dynamic scenes. Prior models such
as VGGT have shown that feed-forward 3D reconstruction
is, in many cases, competitive with traditional optimization-
based methods. Here, we show that the accuracy and ro-
bustness of these models scale predictably with model ca-
pacity and data size. To enable training 3D reconstruction
models at an unprecedented scale, we introduce architec-
tural changes that improve training efficiency and scalabil-
ity, a high-quality data annotation pipeline that supports
dynamic scenes, and a self-supervised learning protocol.
We significantly simplify VGGT’s architecture by using a
single dense prediction head with multi-task supervision,
removing expensive high-resolution convolutional layers,
and introducing efficient scene tokens for feature aggrega-
tion in lieu of global attention. These changes allow us to
train VGGT-Ω with 15× more supervised data than prior
work and to leverage vast amounts of unlabeled videos,
while requiring only ∼30% of VGGT’s training memory.
VGGT-Ω achieves strong results for 3D reconstruction of
static and dynamic scenes across multiple benchmarks, e.g.,
improving over the previous best camera estimation accu-
racy by 77% on Sintel.

1. Introduction

Recent work [51, 115, 119, 121] has demonstrated that
feed-forward 3D reconstruction models can, in many cases,
match and even surpass traditional structure-from-motion
(SfM) pipelines [34, 87, 94]. However, while SfM has been
developed for decades, feed-forward reconstruction models
are new and relatively unexplored. In particular, the power
of scale in machine learning is now well understood in other
domains [45, 93, 137], but less so for 3D/4D vision. In this
paper, we thus ask whether we can scale up feed-forward re-
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Figure 1. Performance Gains from Data and Model Parameter
Scaling. As model size increases from 0.5B to 10B parameters
and data scale grows from 2K to 2M sequences, performance im-
proves consistently (measured by 3D point error, lower is better;
note the different scaling of the axes). All models are trained on
approximately the same number of tokens and evaluated by the av-
erage of six datasets (see Sec. 4.2 for details).

construction models, and what the benefits are. To answer
this question, we introduce VGGT-Ω, a model that scales
3D machine learning to significantly larger data and, op-
tionally, model sizes than prior work.

Scaling 3D vision introduces substantial technical chal-
lenges. We address these by: (i) revisiting and simplify-
ing VGGT’s architecture and training protocol to improve
efficiency and enable large-scale training, (ii) introducing
a scalable and highly accurate 3D annotation pipeline that
also extends to dynamic content, and (iii) proposing a self-
supervised training protocol to further increase the amount
of training data available to the model.

We start by revisiting VGGT’s architecture and training
protocol to improve efficiency and scale models and data.
First, we note that global attention is the main computa-
tional bottleneck in VGGT but its attention maps are very

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

21486



sparse, consistent with recent findings [90, 110]. We take
advantage of this fact by introducing a scene-token atten-
tion mechanism that involves only a small, fixed set of reg-
ister tokens per frame while preserving scene-level context.
Replacing 25% of global attention layers with scene-token
attention incurs no measurable performance drop, whereas
replacing all of them reduces the backbone’s FLOPs to 6%
of the original, though at the cost of a considerable perfor-
mance drop. Second, we found that the high-resolution con-
volutional layers in dense prediction heads (e.g., DPT) use
a disproportionate amount of GPU memory for storing ac-
tivations, despite accounting for only a small fraction of the
model’s parameters. Common techniques like FSDP and
gradient checkpointing cannot mitigate this bottleneck. In-
stead, we show that replacing such layers with MLPs fol-
lowed by pixel shuffle operators uses very little memory and
maintains performance in benchmarks. Third, the original
VGGT demonstrated that multi-task training (depth maps,
point maps, and tracking features) is beneficial, but we find
that additional dense heads are not necessary to enjoy these
benefits. Instead, we only need to use corresponding multi-
task losses based on a single dense head (depth) and sparse
head (camera) for prediction. These three changes reduce
memory usage to around 30% of the original model and
modestly improve training and inference speed.

We also find that the diversity and quality of training
data are critical. In particular, we argue that handling dy-
namic content is essential for scaling, as it unlocks orders
of magnitude more Internet-like videos for training. While
recent works [56, 116] leverage MegaSaM [57] to annotate
dynamic videos, we empirically observe that, for the ma-
jority of videos, the resulting labels are not sufficiently ac-
curate to serve as pseudo ground truth. Therefore, we de-
velop a high-quality data annotation pipeline that can pro-
duce annotations for both rigid and dynamic videos at scale.
The pipeline integrates VLM-based pre-filtering, VGGT,
COLMAP, modern image-matching models, and supervised
geometric post-filtering. Applied to around 40 million in-
ternal Internet-style videos, the filtering pipeline retains 0.8
million sequences with accurate annotations, roughly one-
third of which contain dynamic content. Combined with
existing datasets (both real and synthetic), this gives us in
total 4M diverse scenes/sequences with precise 3D annota-
tions, which is more than 15× that of VGGT.

To further improve generalization, we introduce a self-
supervised learning protocol inspired by DINO [74, 93].
We maintain teacher and student models initialized from a
supervised VGGT-Ω checkpoint. Both models process the
same input sequences under different augmentations and
frame permutations. The student is trained to match the
teacher’s predictions and feature distribution (after aligning
the frame order), while the teacher is updated via an expo-
nential moving average of the student. We use this protocol

to train VGGT-Ω on 18M unlabeled videos.
These improvements allow us to investigate the scaling

properties of feed-forward reconstruction models. As illus-
trated in Fig. 1, we observe a consistent power-law-like im-
provement in reconstruction accuracy (measured by point
error) as we increase the model capacity from 0.5B to 10B
parameters and expand the training data from a few thou-
sand to over two million different sequences.

VGGT-Ω delivers improved feed-forward reconstruction
performance, achieving strong results across three static and
three dynamic benchmarks. In particular, it compares fa-
vorably to post-optimization methods such as MegaSaM on
dynamic scenes and to recent feed-forward methods such
as Depth Anything 3 [59]. On Sintel, VGGT-Ω attains
AUC@3◦ of 40.0 vs. 22.5 (by 77%) and AUC@30◦ of 79.1
vs. 58.3 (by 35%) for camera estimation, as well as δ1.25
of 93.5 vs. 74.1 (by 26%) for depth estimation, while be-
ing 50× faster than MegaSaM. Furthermore, we show the
potential of using reconstruction as a pre-training task and
the effectiveness of our scene tokens in tasks like vision-
language-action (VLA). To summarize, our contributions
are:
• Architecture: we introduce scene-token attention, remove

high-resolution convolutional layers, and eliminate re-
dundant prediction heads (while maintaining multi-loss
supervision) to enhance training efficiency and stability.

• Scaling: we explore the scaling behavior of feed-forward
reconstruction models and show that performance im-
proves consistently with both model size and data scale.

• Dynamic reconstruction: we reconstruct dynamic 3D
content that contains complex non-rigid motion to sup-
port new applications and to learn from many more
videos.

• Data: we introduce a new large-scale annotation and
filtering pipeline to obtain high-quality annotations of
static and dynamic 3D content. We also introduce a self-
supervised training protocol to further scale data.

2. Related work
Static 3D Reconstruction. There is a long and rich his-
tory of research on 3D reconstruction, beginning with sem-
inal works that established the theory of multi-view ge-
ometry [25, 35, 73, 75]. Follow-up work led to major
practical advances, including robust SfM systems such as
COLMAP [88] and other pipelines [2, 28, 65, 94]. In
this paper, we focus on feed-forward reconstruction mod-
els, i.e., neural networks that infer scene geometry and cam-
era poses directly from one or more images. While recent
SfM pipelines increasingly include learnable components
such as keypoint detectors [21, 23, 108, 134] and feature
matchers [14, 60, 85, 91], our work is most closely related
to end-to-end differentiable SfM frameworks that learn ge-
ometry estimation directly [8, 102, 104, 105, 109, 112–
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Figure 2. Architecture Overview. VGGT-Ω appends camera and scene tokens to the image tokens, and then alternates between global (or
scene-token global) attention and frame attention layers. We replaced the redundant dense heads of VGGT with training-only losses.

114, 122, 144]. While these works demonstrate that end-
to-end learning is possible in SfM, they still combine el-
ements of classical SfM pipelines. DUSt3R [119] and
its follow-up MASt3R [22] changed this by introducing
fully feed-forward 3D reconstruction models that can es-
timate both scene geometry and camera parameters (extrin-
sics and intrinsics) directly from images. However, simi-
lar to multi-view stereo (MVS) approaches [29, 32, 68, 72,
79, 123, 131, 132, 140], the neural networks in DUSt3R
and MASt3R operate only on image pairs and still require
post-optimization to process additional views. A key im-
provement came from methods that process multiple images
jointly, removing the need for optimization across views, in-
cluding [24, 103, 111, 118, 124, 129, 139]. Among these,
VGGT [115] is a representative approach that first sur-
passed post-optimization methods (e.g., using bundle ad-
justment) while relying solely on feed-forward inference,
prompting many follow-up works [13, 16, 19, 20, 38, 42,
44, 47, 49, 54, 58, 63, 69, 70, 81, 117, 121, 128, 135, 145].

Dynamic 3D Reconstruction. Monocular dynamic 3D re-
construction, or 4D reconstruction, aims to recover scene
geometry that changes over time. This line of research also
has a long history, with early work by Bregler et al. [9]
and Torresani et al. [106]. Among recent contributions,
MegaSaM [57] is particularly influential, combining feed-
forward depth prediction with optimization-based non-rigid
reconstruction, and ViPE [39] further builds on this direc-
tion. Several works have explored feed-forward 4D recon-
struction with reduced optimization. MonST3R [138] and
D2USt3R [33] extend DUSt3R to handle pairs of images
with dynamic 3D content. Align3R [67] builds on DUSt3R
to infer cameras and align monocular depth predictions over

time, though still relies on optimization beyond two views.
CUT3R [118] and Point3R [124] support incremental re-
construction alongside dynamic scenes. Geo4D [43] takes
a different approach, fine-tuning a video generator to re-
cover 4D geometry. PI3 [121] adopts a VGGT-style model
and trains it with dynamic data, while PAGE-4D [143]
adapts VGGT through a module that separates static and
moving regions. Human3R focuses on human-scene recon-
struction [17]. SpatialTracker [126, 127], St4RTrack [26],
DPM [98], and Uni4D [130] and others unify dynamic re-
construction and correspondence estimation.

3. Scaling Up Visual Geometry
With VGGT-Ω, our goal is to scale up feed-forward recon-
struction models in terms of model capacity and training
data, and to investigate the impact of these factors on re-
construction quality and generality. We begin by detailing
VGGT-Ω’s improvements to the architecture (Sec. 3.1) and
training pipeline (Sec. 3.2) of VGGT. Then, we introduce
a self-supervised training protocol that enables us to lever-
age unlabeled data (Sec. 3.4) and a new data pipeline to add
high-quality annotations to millions of videos (Sec. 3.5).

3.1. A New Scalable Architecture
VGGT-Ω, illustrated in Fig. 2, is a feed-forward transformer
f that maps N input images I1, . . . , IN ∈ R3×H×W to cor-
responding cameras and depth maps:

((g1, D1), . . . , (gN , DN )) = f(I1, . . . , IN ),

where Di ∈ RH×W is the depth and gi = (qi, ti,fi) ∈ R9

is the concatenation of the rotation quaternion qi ∈ R4, the
translation vector ti ∈ R3, and the field of view fi ∈ R2.
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Figure 3. Visualization of Global Attention in VGGT. As shown
in (b) global attention matrix, (c) its value distribution, and (d)
spatial heatmaps, the attention (layer 13) is quite sparse.

As commonly done [87, 114, 115], we assume that the prin-
cipal point is at the image center. The problem formula-
tion is thus similar to VGGT [115], but it already departs
from it, as the model does not predict point maps or track-
ing features explicitly (although it still supervises them, as
discussed in Sec. 3.2). The network f encodes each image
into tokens (Sec. 3.1.1), aggregates features across views
with alternating-attention (Sec. 3.1.2), and maps the tokens
to the final predictions with lightweight heads (Sec. 3.1.3).

3.1.1. Feature Extraction and Tokenization
We tokenize each image Ii with a DINOv3-initialized vi-
sion transformer [93], obtaining zF

i = DINO(Ii) ∈
RH′W ′×C , where H ′ = H/r and W ′ = W/r for patch
size r. For each image Ii, we also append one camera token
zcam
i ∈ R1×C and sixteen scene tokens zscene

i ∈ R16×C .
The camera token is used to predict the camera parame-
ters, and the scene tokens aggregate information about the
scene. As in [115], these tokens can take one of two learn-
able parameters, one if image Ii is the reference image and
the other otherwise. These are then concatenated to form
the set of tokens z = (z1, . . . ,zN ) ∈ RN×(H′W ′+17)×C

where zi = (zF
i , z

cam
i , zscene

i ) are the tokens of image Ii.

3.1.2. Efficient Global Attention using Scene Tokens
Recall that in VGGT the tokens are processed by sev-
eral layers of self-attention, which are, by definition, per-
mutation equivariant. None of the tokens has an explicit
encoding of the corresponding image identity (except for
indicating whether a frame is the reference). To make
the network aware of the different images, VGGT uses
alternating-attention [115], alternating frame-wise atten-
tion within each image and global attention across all im-
ages. Global attention is the standard attention layer applied
to all tokens z, which we denote z′ = attn(z). Frame-
wise attention is similar, but applied independently to zi
for each image Ii, which we denote z′ = attnf (z) =
(attn(z1), . . . , attn(zN )).

While effective, the global attention layers are computa-
tionally expensive, as they attend all tokens from all frames,
with cost quadratic in the total number of tokens. However,
we observe that global attention maps are typically sparse,
as shown in Fig. 3, suggesting that global information might

be exchanged efficiently through small bottlenecks. This is
consistent with recent findings [90, 110]. We therefore re-
place 25% of the global attention layers with scene-token
attention where global attention is restricted to the scene to-
kens only. Formally, we define z′ = attnscene(z) where
(zscene

1
′, . . . ,zscene

N
′) = attn(zscene

1 , . . . ,zscene
N ), i.e., only

the scene tokens participate in self-attention. The informa-
tion gathered by scene tokens is broadcast back to image
tokens by subsequent attention layers. The standard global
attention is interleaved with scene-token attention.

3.1.3. Decoding
The final set of tokens z′ = (z′

1, . . . ,z
′
N ) produced by the

attention layers is decoded into depth maps and cameras.

Depth. In VGGT, all dense decoders are implemented with
Dense Prediction Transformer (DPT) layers [82]. However,
the final convolutional blocks in these DPT heads maintain
several high-resolution feature maps, which are memory-
intensive. To reduce this cost, we replace the blocks operat-
ing above 1/4 of the input resolution with a lightweight up-
sampling head via a single MLP followed by a pixel-shuffle
operator. The MLP outputs 2u2 channels (u = 4 in our
implementation), and the pixel-shuffle operator rearranges
them from (H ′×W ′, 2u2) to (uH ′)×(uW ′)×2, where the
two output channels correspond to depth and confidence.

Camera. The cameras (g1, . . . , gN ) are predicted jointly
using a lightweight transformer over the camera tokens
(zCam

1 , . . . ,zCam
N ), followed by a final MLP. Unlike

VGGT, our camera head predicts camera parameters in a
single pass, without iterative refinement.

3.2. Training Losses
In VGGT, we found it beneficial to predict redundant dense
heads (e.g., point maps and tracks), but doing so is expen-
sive during training. Instead, VGGT-Ω contains a single
dense head for depth prediction. Although the model does
not directly predict point maps and tracks, we still super-
vise these quantities via corresponding losses. We found
that doing so results in nearly the same performance as us-
ing multiple dense prediction heads, while saving a lot of
memory. To optimize the model, we thus use the loss:

L = λcamLcam + λdepthLdepth + λpointLpoint + λmatchLmatch (1)

where λcam, λdepth, λpoint, and λmatch are weights.

Camera loss. The camera loss Lcam =
∑N

i=1 |ĝi − gi|
compares the predicted cameras ĝi to the ground truth gi
using an ℓ1 objective, which we found more stable than the
Huber loss used in VGGT.

Depth loss. Following VGGT, the depth loss is formulated
with aleatoric uncertainty and a gradient consistency
term. Additionally, we account for the relative scale with
respect to the ground truth. Therefore, we have: Ldepth =
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Figure 4. Qualitative Results. VGGT-Ω handles both static and dynamic content, as evidenced by the overlaid traffic flow and the tennis
player’s trajectory. It also generalizes to hard scenes, e.g., underwater coral reefs. Each example uses 64, 4, 9, 16, and 32 input frames.

∑N
i=1

[∥∥cDi ⊙ (
1 +D−1

i

)
⊙ ei

∥∥+
∥∥cDi ⊙∇ei∥∥] −

α
∑N

i=1 log c
D
i , where ei = D̂i − Di, cDi is the predicted

uncertainty map, and ⊙ denotes element-wise product.

Point loss. Point maps assign to each pixel the coordi-
nates of the corresponding 3D point in the frame of the
reference camera. The point maps can thus be inferred
from the depth maps and the camera parameters via un-
projection. Accordingly, our point loss Lpoint is the same
as the depth loss Ldepth up to replacing the residuals with
ei = π−1(D̂i, ĝi) − Pi, where π−1 denotes unprojection
and Pi is point map.

Matching loss. The matching loss Lmatch is applied to the
tokens output by the last attention layer. It pulls together
features of positive token pairs (corresponding to the same
3D location) and pushes apart negative pairs: Lmatch =
Epos

[
− log σ(s)

]
+Eneg

[
− log(1−σ(s))

]
, where s is the co-

sine similarity between ℓ2-normalized tokens, σ is the sig-
moid function, and E denotes averaging over positive and
negative pairs, i.e., a weighted binary cross-entropy. Details
of how to construct the pairs are provided in the supplement.

3.3. Dynamic Reconstruction
By predicting depth maps and camera parameters, our ar-
chitecture and training objectives naturally support recon-
struction of dynamic scenes. This is important for ap-
plications and unlocks orders of magnitude more training
data, as most videos contain scene motion. Some recent
works [119] use point maps to represent and recover the
camera parameters instead. This works in static scenes,
but otherwise requires segmenting out dynamic pixels, as
in MonST3R [138], or using extensions like dynamic point
maps [99, 100].

3.4. Self-supervised Training
Inspired by DINO [74, 93], we use a teacher-student strat-
egy for self-supervised learning with unlabeled videos.
Specifically, we maintain a student network that is updated
by gradient descent, and a teacher network that is updated
only via an exponential moving average of the student net-
work. Both networks are initialized from the VGGT-Ω
checkpoint trained on supervised data. Given a video se-
quence, we feed the same set of frames to both networks,
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but apply independent stochastic augmentations, includ-
ing color jittering and blurring, random 90◦ rotations, ran-
dom patch masking, and random frame-order permutation
(which affects the selection of the reference frame). After
restoring both streams to a common order, we require the
student to match the teacher by: (a) An ℓ2 feature-matching
loss aligns the student’s tokens with the teacher’s across
multiple layers. (b) Regression losses supervise camera and
depth. To prevent collapse, the camera and depth heads are
frozen during self-supervision. The teacher’s parameters are
updated as θT ← mθT + (1 − m) θS instead of gradient
descent. This distillation scheme thus enforces invariance
to appearance changes and frame order, enabling effective
learning from millions of unlabeled videos.

3.5. Training Data
3.5.1. Data Sources
We first collect publicly available datasets: Aria
series [76, 77], Bedlam [7], BEHAVIOR-1K [52],
Co3Dv2 [83], uCo3D [66], DL3DV [61], Dynamic
Replica [46], EDEN [50], EFM3D [96], HOT3D [6], Habi-
tat [86], Hypersim [84], Mapfree [4], Mapillary Metropo-
lis [71], MPSD [3], Megadepth [55], Megasynth [41],
Mid-Air [27], Mvssynth [40], ParallelDomain-4D [36],
Replica [95], SAIL-VOS [37], ScanNet Series [18, 133],
TartanAirV2 [120], TartanGround [78], Taskonomy [136],
UnrealStereo4K [107], Virtual KITTI [12], Waymo [101],
and Wildrgbd [125]. We exclude Kubric [31] and
PointOdyssey [142] used by VGGT because their back-
ground geometry is fake and yields invalid depth. Ad-
ditionally, we use several internal datasets, which include
artist-created object assets, rigid and dynamic synthetic en-
vironments, real-world device captures, and so on. For non-
synthetic datasets (e.g., those annotated by SfM pipelines),
we remove noisy depth values via a multi-view consistency
check and discard sequences with too few valid depth pix-
els. In total, these datasets contain approximately 3M se-
quences, each containing between 10 and 20,000 images.

3.5.2. Data Annotation Pipeline
To further expand our training data, we mine a large inter-
nal video collection of roughly 40M Internet-style videos.
We first assess each video for suitability for 3D recon-
struction, e.g. filtering out clips with large watermarks or
abrupt shot changes. Videos that pass this check are used
for self-supervised training as described in Sec. 3.4. We
then introduce a new pipeline to annotate videos with cam-
era parameters and depth maps, for both static and dynamic
scenes. While we aim at obtaining a good yield, we priori-
tize annotation quality and reject data that is suspected to be
low quality. This may exclude extreme camera motions or
highly dynamic scenes, but these are still well represented
in the synthetic datasets. Overall, we obtain a collection

of about 200K dynamic scenes and 600K static scenes with
high-quality camera and depth annotations.

VLM pre-filtering. We prompt a Vision-Language Model
(VLM) to discard videos if they are unlikely to be recon-
structed with multi-view geometry. The VLM classifies
50% of the clips as too difficult to reconstruct, e.g. con-
taining multiple clips, extreme motion blur, or heavy over-
lays/watermarks. It also classifies 40% of them as recon-
structible, but potentially with low accuracy due to insuf-
ficient parallax, lack of non-repetitive texture, etc. The re-
maining 10% goes to the next stage. The VLM also extracts
metadata such as whether the scene is dynamic or not.

Dynamic mask extraction. We use Grounding DINO [64]
to detect bounding boxes of potentially movable object cat-
egories, such as people and cars. These regions are then
excluded from matching, tracking, and verification.

Feature matching and tracking. We extract matches and
tracks across frames with an ensemble of methods, using
SIFT, SuperPoint + SuperGlue [21, 85], ALIKED + Light-
Glue [60, 141], and VGGSfM Tracker [114]. Matches
within dynamic regions are discarded.

Reconstruction and filtering. We use VGGT to initial-
ize camera parameters (when RANSAC-based essential
matrix estimation yields too few inliers), and then run
COLMAP [87] for iterative bundle adjustment and filter-
ing based on the correspondences computed above. For
successful reconstructions, we discard sequences that fail
heuristic checks, e.g., image registration ratio < 99.5%,
field of view outside [30◦, 120◦], or distortion ratio > 0.1.
These criteria aggressively remove cases with degenerate
motion or extreme zoom. Then, we estimate per-frame
dense depth maps using patch-based multi-view stereo [87].

Multi-view consistency. For each frame, we unproject the
depth map to 3D, reproject the points into other views, and
compare them with the depths there. Pixels that satisfy this
cross-view consistency check are marked valid. We discard
sequences with fewer than 5% valid depth pixels, which
typically, though not always, indicates low-quality cameras.

Supervised geometric filtering. Finally, we have the cam-
eras, depths, and valid masks for every sequence. We use
handcrafted features, such as the camera up-vector consis-
tency, parallax angle, or trajectory smoothness, to describe
each sequence. We hand-annotated 500 static and 500 dy-
namic sequences, respectively, to train a classifier to remove
low-quality reconstructions. The classifier is an ensemble of
XGBoost [15], Random forests [10], and CatBoost [80].

4. Experiments

Here we introduce additional details of our framework,
benchmark it against state-of-the-art rigid and dynamic re-
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Table 1. Camera Pose Estimation, across static and dynamic benchmarks. The metric AUC is higher the better. Feed-forward models
(DA3, PI3, VGGT) are robust across datasets, but still lag behind the dynamic optimization-based method MegaSaM at strict thresholds
on Sintel (e.g., AUC@3◦ of 16.2 vs. 22.5). In contrast, dynamic optimization methods (MegaSaM, MonST3R) degrade on wide-baseline
scenes (e.g., AUC@30◦ of 38.1 vs. 86.4 on ETH3D). Instead, our method substantially advances the state of the art across all the scenarios,
e.g., improving AUC@3◦ from 22.5 to 40.0 on Sintel, with a 77% relative improvement.

Method
Static Scenes Dynamic Scenes

7 Scenes NRGBD ETH3D DyCheck Sintel TUM-Dynamic
AUC@3° AUC@30° AUC@3° AUC@30° AUC@3° AUC@30° AUC@3° AUC@30° AUC@3° AUC@30° AUC@3° AUC@30°

MonST3R 9.0 68.3 13.9 79.7 1.7 14.3 11.5 45.4 4.3 45.8 7.7 48.5
MapAnything 5.8 61.4 35.2 88.9 13.2 51.0 6.1 60.3 2.9 31.6 4.3 40.2

MegaSaM 10.6 71.8 17.2 83.1 5.9 38.1 26.8 53.1 22.5 58.3 15.4 59.0
VGGT 10.9 74.4 81.7 97.7 18.8 62.1 21.0 78.7 15.0 50.0 16.6 61.2

PI3 13.3 77.0 83.8 98.2 35.3 79.6 23.3 81.0 14.8 53.5 16.1 59.2
DA3 18.7 78.2 86.4 98.4 46.1 87.0 32.1 83.9 16.2 52.7 20.8 62.7

Ours-1B 29.6 83.1 89.7 98.8 49.8 88.5 38.4 87.3 35.3 73.0 30.2 82.3
Ours-10B 36.4 88.2 92.5 99.1 56.3 90.4 43.7 90.9 40.0 79.1 36.4 87.5

Table 2. Depth Estimation, across static and dynamic benchmarks. The metric δ1.25 denotes the percentage of predicted depths within a
factor of the ground truth (higher the better) and AbsRel is the mean absolute relative error (lower the better).

Method
Static Scenes Dynamic Scenes

7 Scenes NRGBD ETH3D DyCheck Sintel TUM-Dynamic
δ1.25 AbsRel δ1.25 AbsRel δ1.25 AbsRel δ1.25 AbsRel δ1.25 AbsRel δ1.25 AbsRel

MonST3R 92.4 0.075 98.4 0.030 95.8 0.056 93.3 0.068 71.9 0.263 85.0 0.148
MapAnything 92.9 0.070 98.7 0.022 96.3 0.035 97.0 0.049 72.5 0.251 93.1 0.052

MegaSaM 93.8 0.065 96.2 0.057 94.8 0.083 97.4 0.042 74.1 0.207 92.9 0.083
VGGT 91.9 0.073 99.1 0.019 97.4 0.036 95.2 0.055 79.2 0.189 92.2 0.064

PI3 92.8 0.068 99.2 0.011 99.6 0.016 97.4 0.041 82.5 0.144 95.5 0.046
DA3 93.0 0.063 99.5 0.010 99.6 0.015 97.7 0.039 86.1 0.118 94.3 0.049

Ours-1B 94.6 0.058 99.6 0.010 99.8 0.012 98.4 0.038 89.5 0.097 97.4 0.041
Ours-10B 96.3 0.050 99.7 0.007 99.8 0.009 98.7 0.030 93.5 0.081 98.3 0.035

construction methods, and ablate key design choices.

4.1. Implementation Details
VGGT-Ω includes four model variants with 200M,
500M, 1B, and 10B parameters, 12/12/24/16 alternating-
attention blocks and hidden sizes 384/768/1024/4096, re-
spectively. The vision transformer is initialized from DI-
NOv3 [93] and is not frozen during training. Each block
contains one global (or scene-token global) attention layer
and one frame-wise attention layer. Optimization uses
AdamW for 240K iterations, with 160K supervised, 50K
self-supervised, and a final 30K supervised stage. The
learning rate employs a linear warm-up over 5% of train-
ing and cosine decay for the remaining 95%, with a peak
value of 2 × 10−4 for supervised and 1 × 10−4 for self-
supervised. For each batch, the number of frames is drawn
uniformly from [1, 24]. We augment images by randomiz-
ing the aspect ratio in [0.33, 1.33] with the longer side fixed
to 512 pixels and using color jittering, grayscale conversion,
and random patch masking. Training was conducted on 128
96GB H100 GPUs using bfloat16 mixed precision, gradient
checkpointing, and Fully Sharded Data Parallel (FSDP).

4.2. Benchmarking
We compare VGGT-Ω with recent approaches: (i) feed-
forward reconstruction models (VGGT [115], PI3 [121],
DA3 [59]) and (ii) optimization-based dynamic reconstruc-
tion methods (MonST3R [138], MegaSaM [57]). We evalu-

ate on three static datasets (7 Scenes [92], NRGBD [5], and
ETH3D [89]) and three dynamic datasets (DyCheck [30],
Sintel [11], and TUM-Dynamic [97]). For each scene or
sequence, we randomly sample 10 frames.

Following [115], we report the standard AUC for camera
pose estimation (higher is better), computed as the area un-
der the curve of the fraction of image pairs whose relative
rotation and translation errors are below an angular thresh-
old (e.g., 3◦, 30◦). As shown in Tab. 1, feed-forward mod-
els generally exhibit strong performance on static bench-
marks and at more relaxed thresholds, while optimization-
based, dynamic-aware MegaSaM is more competitive on
challenging dynamic sequences such as Sintel but degrades
on wide-baseline or low-texture scenes. Our models gener-
ally outperform the baselines across both static and dynamic
datasets and at both strict and relaxed thresholds.

We also evaluate the accuracy of the predicted depths
with absolute relative error (AbsRel, lower is better) and
δ1.25 (higher is better), which measures the percentage of
pixels for which the ratio between the predicted depth and
the ground-truth depth is within a specified threshold. As
shown in Tab. 2, our models outperform the baselines across
the static benchmarks, further lowering AbsRel on datasets
where existing methods perform strongly, such as NRGBD
and ETH3D, and delivering larger gains on dynamic scenes,
where they reduce depth errors and increase δ1.25 (e.g., on
Sintel, improving δ1.25 from 86.1 to 93.5 and AbsRel from
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0.118 to 0.081). The larger 10B variant consistently out-
performs the 1B model, indicating that scaling up the re-
construction model directly benefits both camera and depth
accuracy.

Additionally, we provide a qualitative visualization of
our results in Fig. 4. It illustrates reconstructions on both
static and dynamic scenes, including traffic, human motion,
natural landscapes, and underwater environments.

4.3. Ablation Studies and Discussions
Unless otherwise specified, ablations use the 1B variant
trained on 2M sequences with 64 GPUs for 150k supervised
steps. To jointly assess camera and depth accuracy, we un-
project depth maps into 3D using the cameras and compute
the ℓ2 distance between predicted and ground-truth points.
We refer to this metric as point error. All the models are
trained on approximately the same number of tokens.

Model and data size. We observe that scaling either the
model or the data consistently improves performance, as
shown in Fig. 1. Increasing the number of training se-
quences in 10× steps yields a monotonic drop in point er-
ror, from 0.275 to 0.073. Overall, the shape of both curves
suggests that power laws might characterize scaling in this
class of models too.

Scene token global attention. A variant that uses only
global attention layers achieves a point error of 0.071.
Replacing 25% of the global attention layers with scene-
token attention yields almost the same performance (0.073).
However, increasing the fraction of scene-token layers be-
yond this point leads to a noticeable performance drop.

Multi-task learning. Removing the point and matching
losses increases the point error from 0.073 to 0.078. For
reference, adopting VGGT’s original multi-head, multi-task
setup achieves 0.070 but requires multiple dense heads,
making scaling difficult.

Self-supervised training. Replacing 10% of training steps
from supervised to self-supervised training slightly reduces
point error from 0.073 to 0.070. We believe this stems from
training on unlabeled data, which is more diverse. We also
observe improved out-of-distribution generalization.

Annotation quality. To validate the quality of the pseudo
ground truth produced by our annotation pipeline, we com-
pare it against MegaSaM [57] on Sintel, which provides
synthetic camera and depth ground truth. For a fair compar-
ison, we evaluate only the sequences and pixels that satisfy
both our filtering criteria and MegaSaM’s validation, ex-
cluding 8/23 sequences and all dynamic regions. Under this
protocol, our pipeline achieves 96.4% AUC@30◦ for cam-
era pose and 99.3% δ1.25 for depth, compared with 62.1%
and 77.2% for MegaSaM, respectively, confirming the high
quality of the resulting annotations. Our goal in pseudo-

label generation is not to maximize yield, but to retain only
sequences and pixels that are very likely to be correct, as
we find that a smaller set of highly accurate pseudo ground
truth is more beneficial than a larger but noisier collection
in practice. Hence, the annotation pipeline is intentionally
conservative: if a sequence is even mildly ambiguous, or if
a pixel cannot be validated reliably, we prefer to discard it
rather than risk injecting noisy supervision.

Table 3. Performance on the LIBERO benchmark. We freeze
our pretrained model and feed the scene tokens as additional input
to the OpenVLA-OFT and report success rate (SR) (higher is bet-
ter). The clear performance gain validates the effectiveness of our
scene tokens in aggregating spatial information.

Method Spatial
SR (%)

Object
SR (%)

Goal
SR (%)

Long
SR (%)

Average
SR (%)

Diffusion Policy 78.3 92.5 68.3 50.5 72.4
TraceVLA 84.6 85.2 75.1 54.1 74.8

Octo 78.9 85.7 84.6 51.1 75.1
OpenVLA 84.7 88.4 79.2 53.7 76.5

Dita 84.2 96.3 85.4 63.8 82.4
CoT-VLA 87.5 91.6 87.6 69.0 83.9
π0-FAST 96.4 96.8 88.6 60.2 85.5

π0 96.8 98.8 95.8 85.2 94.2
UniVLA 96.5 96.8 95.6 92.0 95.2

OpenVLA-OFT 97.6 98.4 97.9 94.5 97.1

OpenVLA-OFT
+ Our Frozen Scene Tokens 99.3 99.2 99.0 96.7 98.5

5. Applications
VLA models like [1, 53] have explored leveraging recon-
struction models to improve spatial understanding. Here
we concatenate the original input tokens of OpenVLA-
OFT [48] with the frozen scene tokens produced by our
model, and train using the standard OpenVLA-OFT proto-
col. As shown in Table 3, the geometry-aware scene tokens
consistently improve the performance across all the tasks in
the LIBERO benchmark [62].

6. Conclusion
We presented VGGT-Ω, a feed-forward reconstruction
model that achieves strong results across static and dynamic
benchmarks. We improved the original VGGT in terms of
architecture, data, and training by introducing scene-token
attention, a single dense prediction head with multi-task
losses, a large-scale annotation pipeline that handles dy-
namic content, and a self-supervised training protocol that
leverages vast amounts of unlabeled videos. These ingre-
dients allowed us to train our model at unprecedented scale
and thus explore scaling in feed-forward 3D reconstruction.
Our conclusion is that both model size and training data vol-
ume are crucial to achieve top performance, and that the lat-
ter is not yet saturated. Finally, we hope VGGT-Ω will be a
useful foundation for the community to build on.
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