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Figure 1. Flow3r leverages unlabeled videos via flow supervision for visual geometry learning, enabling more accurate reconstruction
in challenging real-world dynamic scenes compared to supervised baselines that can only leverage dense geometry and pose supervision.

Abstract

We propose F1low3r, a scalable framework for visual ge-
ometry learning that leverages flow prediction to guide
learning using unlabeled monocular videos.  Current
3D/4D reconstruction systems primarily rely on dense ge-
ometry and pose supervision, and cannot easily general-
ize to diverse dynamic real-world scenes. In this work, we
propose a mechanism to augment training directly from un-
labeled videos, leveraging dense 2D correspondences (or
‘flow’) between arbitrary image pairs as supervision. Our
key insight is that a factored flow prediction module that
computes between two images using ‘geometry latents’ from
one image and the ‘pose latent’ from other can guide visual
geometry learning. We first highlight the benefits and scal-
ability of flow supervision in controlled settings and then
leverage large-scale unlabeled data to improve off-the-shelf
visual geometry models. We evaluate F1ow3r across di-
verse 3D benchmarks and demonstrate competitive or state-
of-the-art performance, even surpassing supervised models
trained with more labeled data.

1. Introduction

The task of ‘visual geometry inference’ i.e. recovering the
3D structure of a (static or dynamic) scene from multi-view
input images has undergone a paradigm shift — evolving
from classical optimization-based methods [1, 13, 21, 27,
30, 36] to recent data-driven predictors [31, 33, 34, 41] that
can directly output the geometry and pose corresponding to
the input images. The success of such efficient feedforward
systems, however, has crucially relied on multi-view train-
ing data with dense geometry and camera pose supervision.
Unfortunately, this supervision may not be easily available
across all settings of interest e.g. for dynamic scenes in-
the-wild or domains like egocentric videos, and existing vi-
sual geometry prediction methods do not generalize well to
such scenarios. More broadly, unlike self-supervised learn-
ing objectives common for training LLMs and vision trans-
formers, the reliance on dense geometry and pose labels
prevents truly large-scale visual geometry learning.

In this work, we take a step towards scalable learn-
ing of multi-view models and present Flow3r, a frame-
work to guide visual geometry learning from unlabeled
videos i.e. without any explicit geometry or pose supervi-



sion. Instead, Flow3r leverages a readily available su-
pervisory signal that is a cornerstone of classical (and re-
cent) optimization-based mutli-view methods — (dense) cor-
respondences across images. In particular, we are inspired
by the progress in inferring dense correspondences or pixel
tracks for generic image pairs and videos, and seek to un-
lock scalable learning by incorporating such (2D) flow as
auxiliary supervision for (3D) visual geometry models. The
key technical question we seek to answer is: ‘how can flow
be effectively leveraged for supervising visual geometry
prediction?’.

We are not the first to consider flow supervision for guid-
ing visual geometry learning. Indeed, the seminal VGGT
work [31] adds a ‘tracking’” module that uses local features
from two images to predict a flow between them, and uses
this as an auxiliary training objective. However, as we show
later, this merely encourages the corresponding features to
be visually discriminative but does not directly aid the learn-
ing of pose or geometry. Our key insight is that to guide ge-
ometry learning, the design of the flow prediction module
should be asymmetric. We build on the observation that for
static scenes, the flow between a source and a target image
can be induced only via the geometry of the source image
(pointmaps in a global coordinate) and the camera pose of
the target. Building on this, we propose to incorporate a fac-
tored flow prediction module in visual geometry models.
Specifically, such models typically compute ‘local’ patch-
wise features that later predict geometry as well as a global
per-image token that infers camera pose. Our flow predic-
tion module is designed to compute flow between two im-
ages using only the global pose token for the target along
with the patchwise tokens for the source.

We find that our factored flow prediction helps better su-
pervise pose and geometry learning compared to the sym-
metric design adopted by previous works, while also allow-
ing robust prediction and applications to dynamic scenes
unlike a projection-based flow inference. Flow3r inte-
grates such factored flow prediction and leverages 800k
unlabeled videos as supervision in addition to existing (la-
beled) 3D datasets. We show that this allows Flow3r to
outperform prior visual-geometry systems, in particular im-
proving over them in in-the-wild dynamic videos where
labeled data is scarce. More broadly, we believe that
by allowing extracting supervisory signal from unlabeled
videos (although leveraging off-the-shelf 2D flow predic-
tion), Flow3r represents a step towards large-scale visual
geometry learning without large-scale supervision.

2. Related Work

Dense correspondence Learning. Dense correspon-
dence learning focuses on estimating pixel-level matches
across views, which serves as the basis for recovering cam-
era motion and 3D structure. Early work primarily fo-

cused on local optical flow [15, 22], providing per-pixel mo-
tion between adjacent frames but failing under large view-
point changes. Building upon these ideas, recent meth-
ods learn geometry-aware dense correspondences that re-
main stable across wide baselines. For example, DKM [11]
refines coarse predictions through hierarchical warping to
capture fine-grained geometric alignment, while RoMa [12]
leverages pretrained visual features to achieve semantically
consistent matching across diverse scenes. Transformer-
based architectures such as UFM [39] further unify dense
matching and optical-flow reasoning, yielding high-quality
correspondences that generalize across domains. Beyond
pairwise alignment, dense correspondence learning has ex-
panded to long-range video tracking [9, 10, 14], with re-
cent models such as CoTracker [16] jointly reasoning over
multiple frames to achieve state-of-the-art occlusion-robust
tracking. Our approach builds on dense correspondence
learning but goes beyond matching: we introduce a factored
flow formulation that explicitly links source geometry and
target camera pose. This factorization allows the model to
infer geometry-aware flow that is consistent with 3D struc-
ture, enabling accurate reconstruction and motion estima-
tion in challenging in-the-wild dynamic scenes.

Correspondence-driven Reconstruction. Building on
(dense) correspondence estimation, these methods recover
3D structure and camera motion directly from learned
matches. Classical Structure-from-Motion [27] pipelines
estimate camera poses and scene structure from sets of im-
ages by detecting local features, computing pairwise corre-
spondences, and jointly optimizing camera parameters and
3D points through global bundle adjustment. Extending
correspondence-based reconstruction to dynamic scenes,
visual SLAM systems track features across frames to jointly
estimate camera trajectories and scene geometry. Recent
approaches, including Robust-CVD [17], CasualSAM [40]
and MegaSAM [20], further incorporate monocular depth
priors or single-view geometric supervision to enhance ro-
bustness under motion and occlusion. However, these meth-
ods remain optimization-based, requiring per-video refine-
ment and lacking feed-forward efficiency.

Feed-forward Visual Geometry Learning Recent ef-
forts aim to replace traditional optimization pipelines with
feed-forward networks that directly predict visual ge-
ometry from images. DUSt3R [34] first demonstrated
that dense pointmaps can be estimated from image pairs
within a shared coordinate system, enabling efficient two-
view reconstruction. MASt3R [18] further improves this
paradigm by introducing a learned matching head for bet-
ter correspondence reasoning, while DiffusionSfM [41] and
VGGT [31] generalize to multi-view settings, jointly es-
timating camera parameters and scene structure. Subse-
quent works such as MonST3R [38], CUT3R [33], and
StreamVGGT [43] extend this formulation to dynamic
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Figure 2. Mechanisms for flow prediction. (a) The visual geometry backbone first extracts the camera token and patch token of each
input. (b) Existing dense correspondence heads [31] predict flow directly from patch features using appearance cues. (c) Flow can also be
obtained by explicitly projecting predicted 3D points into another view via decoded camera parameters. However, this projection-based
formulation is restricted to static scenes and sensitive to geometric errors. (d) Our factored flow approach conditions source-view geometry
latents on target-view camera latents and decodes dense correspondences directly in latent space, providing a geometry-aware and robust

flow prediction mechanism that naturally extends to dynamic scenes.

scenes, learning temporally consistent geometry across
video frames. However, these models rely on labeled 3D
or camera data, which are not easily scalable. In contrast,
our method enables scalable feed-forward learning of dy-
namic visual geometry using factored flow prediction, al-
lowing training on unlabeled real-world videos.

3. Approach

Our approach, Flow3r, aims to scale up visual geome-
try learning through supervising factored flow prediction,
which enables the use of in-the-wild data without requir-
ing ground-truth geometry annotations (e.g., camera poses
and depth maps). In this section, we first review the com-
monly adopted paradigm for visual geometry learning un-
der full supervision of camera poses, depths and pointmaps
(Sec. 3.1). We then introduce our factored flow prediction
formulation in Sec. 3.2, which decodes flow by combining
the camera token from one view with the patch tokens from
the other view in an image pair, allowing flow supervision to
guide visual geometry learning. We further show that this
formulation naturally extends to dynamic scenes. Finally,
we describe the overall supervision signals and network ar-
chitecture in Sec. 3.3.

3.1. Preliminaries: Visual Geometry Networks

State-of-the-art visual geometry networks (e.g., VGGT [31]
and 73 [35]) take as input a set of images {I1,I>,...,In}
and infer 3D scene geometry through a unified multi-view
transformer. For instance, VGGT first encodes the input
images into latent patch tokens using an off-the-shelf vision
backbone [23]:

Xi = fne(l;), X; € RP*P, €]
where P and D denote the number of patch tokens and their
feature dimension, respectively.

It then initializes a set of learnable camera tokens {c; €
RP1 and appends them to the patch features from each im-
age, forming joint per-view tokens:

T, =[ci; X;], T; e RUFDXD, )
A multi-view transformer then performs cross-view reason-
ing over all tokens to enable joint understanding of scene
structure and camera motion:

N N

{C;, X; i=1 — fmulti—view({Ti i:l)a (3)
where ¢ and X/ denote the updated camera and patch to-
kens after cross-view aggregation, illustrated in Fig. 2 (a).

Finally, the updated latent representations are decoded
into explicit geometric properties — camera poses, depths,
and pointmaps.

[Ri, ti, K] = feam(c)), @)

]jiu 157, = fdepth(X;)7 fpoim(X;)' &)

These outputs are supervised using ground-truth labels, typ-
ically obtained from running Structure-from-Motion sys-
tems [1, 27]. Modern visual geometry networks are com-
monly trained on large-scale mixtures of datasets, which re-
quire extensive annotation and curation efforts. Yet, further
scaling such models remains non-trivial.

3.2. Learning Visual Geometry via Factored Flow

Flow3r leverages flow (dense pixel correspondences) as an
additional supervision signal for visual geometry learning,
enabling the use of in-the-wild data without ground-truth
camera or depth annotations and thereby allowing more
scalable training. The key technical question we answer is
about how one can effectively leverage such supervision,
and we first detail different possible alternatives before de-
scribing our proposed mechanism:
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Figure 3. Overview of Flow3r. Flow3r predicts visual geometry using factored flow supervision, enabling scalable geometry learning
from unlabeled videos. Each input image is encoded and processed by the multi-view transformer to produce camera tokens and patch
tokens. For data with dense geometry and pose labels, we directly supervise the patch tokens and camera tokens with the corresponding
labels. For unlabeled datasets without geometry and supervision, we predict flow between two frames in a factorized manner, supervised
by an off-the-shelf 2D flow prediction model [39]. To obtain the factored flow, we fuse the patch features of one frame with the camera
features of the other, and decode the fused representation through the DPT head to produce dense flow predictions.

Flow as Visual Correspondence. One possible approach
is to infer flow using local features for each input image
(Fig. 2 (b)). Indeed, prior multi-view models [31] adopt
this design and leverage flow as an auxiliary training signal.
However, we find that this does not necessarily facilitate the
joint learning of scene geometry and camera motion. This
is because only patch tokens (from Eq. 3) are involved, and
the predicted flow need not be informed by camera motion
or geometry, but merely by visually discriminative features.

Flow from Explicit Camera and Scene Geometry. We
note that classical projective geometry provides an alterna-
tive mechanism to infer flow between images. Considering
a static scene with predicted pointmap P; from view i and
the camera parameters for view j, the flow between these
images can be analytically computed by projecting P;(u;)
into camera j:
Fipi(w) = 05y = 7(K;(R; Pi(w) +85)),  (6)
This explicit flow computation mechanism, grounded
in projective geometry, provides an ideal factorization that
jointly promotes learning of both scene geometry and cam-
era motion, as illustrated in Fig. 2 (c¢). However, it has two
key limitations: (1) the pure projection in Eq. 6 cannot ac-
count for scene motion, restricting the model to learning
from only static scenes; and (2) supervising flow from de-
coded cameras and depths can introduce instability, as er-
rors in either component may lead to large inaccuracies in
the resulting flow.

Factored Flow Prediction. Our approach builds on an
insight from the projection-based flow computation — that

asymmetric flow computation using geometry from source
and pose from target can better guide visual geometry
learning. However, instead of the analytical computation,
we propose to leverage a learned factored flow prediction
mechanism to infer flow from pose and geometry latent rep-
resentations (see (c) in Fig. 2).

More specifically, given the geometry latents X from
view ¢ and camera latents c;- from view j (the outputs of
multi-view transformer in Eq. 3), F1low3r leverages a flow
prediction head to predict the flow ];"Hj

Fiyj = Pnow(X, ), (7

1)

where Pg,, denotes a learned flow prediction module.
Specifically, it uses the camera latents from view j to mod-
ulate the geometry latents from view ¢, which are subse-
quently decoded by a DPT head to produce a flow field.

This approach bypasses the need to decode explicit ge-
ometric elements for flow computation and therefore im-
proves robustness and enables end-to-end training. More-
over, it also implicitly allows handling dynamic scenes
where the flow field no longer corresponds to a pure geo-
metric projection but instead reflects a combination of cam-
era motion and scene motion.

3.3. Overall Architecture and Learning Objectives

Flow3r builds upon a standard supervised visual geome-
try learning framework with a permutation-equivariant de-
sign. Our model jointly optimizes the camera, depth, and
point heads to predict their corresponding geometric quan-
tities. Beyond full supervision using dense geometric la-



bels, Flow3r further incorporates factored flow predic-
tion on both labeled and unlabeled data. For datasets with-
out ground-truth geometry, we rely on pseudo-ground-truth
correspondences from a strong online teacher, UFM [39].
Taken together, this unified formulation enables scalable vi-
sual geometry learning across labeled and unlabeled data,
and across both static and dynamic scenes. An overview of
our method is provided in Fig. 3.

Permutation-equivariant Formulation. To disentan-
gle visual geometry learning from predefined coordinate
frames and improve robustness, we adopt the permutation-
equivariant design of 72 [35], which predicts camera pa-
rameters and local geometry without relying on a fixed ref-
erence frame. We further extend this formulation to directly
predict global pointmaps and incorporate flow supervision.

Flow Supervision from Labeled and Unlabeled Data.
We supervise the proposed flow head with a robust re-
gression loss, following RoMa [12]. Given the predicted
prOJected coordmates 0;; and the ground-truth correspon-
dences u; ., we first compute the displacements between
the predlcted projection and the source pixel location:

¢7—>_7 = ﬁi—>j — Wi, ¢'L~>j - 7,*)] - ;. ®)
Then the flow loss is defined as:
Liow = Z gt ZC robust(”¢z‘—>j M z—y[ ]” )
zel iel

where C[i]9" denotes the ground-truth covisibility mask,
and Zyopys 1S a generalized Charbonnier loss that emphasizes
inlier correspondences.

Camera and Geometry Supervision from Labeled Data.
Flow3r predicts per-image cameras, pixel-aligned depth
maps, global pointmaps and confidence maps that indicate
model uncertainty. For camera supervision, we adopt the
same relative rotation loss Lo as 75 [35], but replace their
relative translation loss with a 10ss Leeqer directly on the
predicted camera centers after computing optimal align-
ment, which we empirically find to perform better (see
appendix for details). The depth head is supervised us-
ing the confidence-weighted regression loss introduced in
DUSt3R [34], which we denote as Lcpin.

We introduce a permutation-equivariant training objec-
tive for supervising the global pointmaps where we estimate
the best rigid transform that aligns the predicted pointmap
P to the ground truth P9¢ and computes an £ loss on the
aligned points:

1

RP T — PY,.
K ReSOI?B T€R3Z IRP + w2

Lpoinl

Model Variant Data (# Seqs) RRA@301 RTA@301 CD| MSE]|
3d-sup ScanNet++ (1k) 0.7500 0.6929 0.030  0.088
flow-projective + ScanNet++ (1k) 0.6700 0.4572 0.033  0.088
flow-tracking + ScanNet++ (1k) 0.7438 0.7021 0.030  0.089
flow-factored + ScanNet++ (1k) 0.7700 0.7366 0.026 0.078
3d-sup++ + ScanNet++ (1k) 0.8033 0.7333 0.026  0.079
Table 1. Does factored flow prediction help visual geometry

learning on static scenes? On ScanNet++ [37], our factored flow
prediction model (flow-factored) significantly outperforms
the no-flow baseline (3d-sup), while outperforming other alter-
natives that leverage flow supervision. It even performs highly
comparable with the fully-3D-supervised baseline (3d-sup++).

Model Variant Data (# Seqs) RRA@301 RTA@301 CDJ)| MSE/|

3d-sup OmniWorld (1k) 66.01 62.37 0.105 0.637
flow-projective + SpatialVID (3k) 61.23 56.12 0.158 0.710
flow-tracking + Spatial VID (3k) 68.56 62.95 0.107 0.628
flow-factored + Spatial VID (3k) 76.26 68.84 0.103 0.598
flow-factored+ + Spatial VID (10k) 78.45 68.82 0.077 0.560
flow-factored++ + SpatialVID (20k) 81.12 71.21 0.075  0.532
3d-sup++ + OmniWorld (3k) 78.68 70.26 0.080  0.565

Table 2. Does factored flow prediction help dynamic visual
geometry learning? We train seven model variants on Omni-
World [42] and SpatialVID [32], where OmniWorld provides 3D
supervision and SpatialVID offers flow supervision. Consistent
with our findings on static scenes, flow-factored with fac-
tored flow prediction considerably outperforms the no-flow base-
line (3d-sup) and other flow-supervised alternatives. Also, fac-
tored flow prediction brings consistent gains by using more data.

4. Experiments

We validate the effectiveness of the proposed factored flow
prediction strategy in F 1low3r. In Sec. 4.1, we compare our
factored prediction paradigm against alternative designs and
no-flow baselines, showing that incorporating flow supervi-
sion through our formulation consistently improves visual
geometry learning for both static and dynamic scenes. In
Sec. 4.2, as an effort to demonstrate scalability, we adapt an
off-the-shelf visual geometry network (i.e., VGGT [31]), in-
tegrate our factored flow prediction head, and scale up train-
ing using unlabeled dynamic video data.

4.1. Flow Supervision Improves Visual Geometry

We investigate whether incorporating flow supervision into
a no-flow baseline trained under full 3D supervision (i.e.,
camera poses, depths, and pointmaps) can improve visual
geometry learning. Also, we further ask: Can flow supervi-
sion help reduce (or even close) the performance gap when
3D supervision is insufficient? We also compare our fac-
tored prediction formulation with other alternatives.

Experimental Designs. First, we include two mod-
els trained with full 3D supervision with different num-
bers of training sequences (denoted as 3d-sup and
3d-sup++). Next, building upon the no-flow baseline
3d-sup, we introduce three additional variants that incor-
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Figure 4. Factored flow prediction aids visual geometry learning. Compared with the baseline (3d-sup) and alternative formulations
that use flow supervision (flow—-projective, flow-tracking), Flow3r (flow-factored) yields more accurate dynamic-scene
geometry and further improves with additional training data. This shows the effectiveness of factored flow prediction for geometry learning.
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Methods
RPE trans) RPErot] MSE| f-score@5t RPEtrans] RPErot] MSE| f-score@5t RPEtrans] RPErot| MSE| f-score@57 RPE trans] RPErot/ MSE| f-score@57

VGGT 0.038 1.392 0.347 0.479 0.049 3.025 1.220 0.617 0.086 0.222 0.595 0.011 0.096 6.021 0.082 0.884
Flow3r* 0.033 1.360 0.258 0.623 0.053 3.262 0.230 0.606 0.126 1.753 0.620 0.278 0.095 6.246 0.082 0.894
Flow3r 0.023 0.999 0257 0.626 0.041 3.005 0.218 0.620 0.066 1.154  0.482 0.346 0.094 6.175 0.076 0.908
w3* 0.026 1.178 0.259 0.613 0.046 3.212 0.222 0.612 0.126 1.200 0.600 0.279 0.093 6.213 0.079 0.895
3 0.023 1.006 0.267 0.585 0.043 3.025 0.200 0.620 0.066 1.122 0.523 0.317 0.095 6.240 0.076 0.905
DUSt3R 0.063 9.343 0.366 0.533 0.110 8.492 0.312 0.528 0.179 15.166  0.622 0.271 0.113 6.384 0.116 0.800
CUT3R 0.027 1.988 0.303 0.573 0.081 4.709 0.338 0.493 0.128 1.998 0.676 0.217 0.095 6.349 0.088 0.899

Table 3. Comparison on dynamic datasets. Best, second-best, and third-best results are highlighted in light red, orange, and yellow,
respectively. F1ow3r outperforms other methods in both camera pose estimation and scene reconstruction, demonstrating its effectiveness.

porate flow supervision using different formulations: (1)
flow-projective, computes flow explicitly from pre-
dicted camera poses and pointmaps via projective geom-
etry; (2) flow-tracking, adopts a VGGT-style [31]
tracking head based on pairwise patch features; (3)
flow-factored applies our proposed factored flow pre-
diction formulation.

Static Scenes. For static scenes, we conduct experiments
on ScanNet++ [37], where model variants with flow super-
vision apply flow loss only to the additional training se-
quences used in 3d-sup++, ensuring that all model vari-
ants (except 3d—sup) are trained with the same total num-
ber of sequences.

Dynamic Scenes. For dynamic scenes, we experiment on
OmniWorld [42] for 3D supervision. For those with flow
supervision, we leverage a large-scale dynamic dataset,
SpatialVID [32], for applying flow loss. To investi-
gate the scaling behavior of the proposed factored flow
prediction, we additionally include two expanded vari-
ants of flow-factored that use even more sequences
for flow supervision, denoted as flow-factored+ and
flow-factored++.

For these experiments, we measure both camera pose

metrics and geometric metrics. Relative Rotation Accu-
racy (RRA) and Relative Translation Accuracy (RTA) mea-
sure the accuracy of predicted camera rotations and transla-
tions, while Chamfer Distance (CD) and Mean-Square Er-
ror (MSE) assess the geometric correctness of the recon-
structed 3D structure.

Results on Static Scenes. The results in Tab. 1 show that
flow-factored outperforms both flow-supervised al-
ternatives (flow—projective and flow-tracking)
as well as the no-flow baseline, achieving higher cam-
era pose accuracy and better geometric quality. Notably,
flow-tracking provides almost no improvement in
pose accuracy and geometric quality, suggesting that super-
vising flow prediction from pairwise patch features does not
meaningfully benefit visual geometry learning. Moreover,
flow-projective even degrades performance on both
pose metrics and geometry quality, indicating that supervis-
ing flow computed from explicit camera and geometry pre-
dictions may suffer from instability and thus harm learning.
Compared to 3d—sup++, the no-flow baseline trained with
full 3D supervision, flow-factored achieves compara-
ble pose accuracy and geometry quality while even slightly
improving camera center accuracy and reconstruction MSE.
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Figure 5. Qualitative results on in-the-wild videos. While other methods fail to reconstruct the scene accurately and often align it to
moving object (top row), F1ow3r robustly recovers dynamic scenes from in-the-wild videos, even under complex motion.

These results demonstrate that our proposed factored flow
prediction serves as an effective approach of scaling visual
geometry learning on static scenes, especially when dense
3D labels are insufficient.

Results on Dynamic Scenes and Scaling. The results on
dynamic scenes are presented in Tab. 2, and they exhibit
a performance pattern consistent with our observations on
static scenes: our factored flow prediction significantly im-
proves over the no-flow baseline (3d-sup), whereas flow
supervision via VGGT’s tracking head provides negligible
gains, and supervising flow computed from explicit cam-
era and geometry predictions continues to degrade perfor-
mance. Also, the results reveal that increasing the number
of training sequences to a larger scale (e.g., 10x or 20x the
amount used in the 3d-sup no-flow baseline) yields con-
sistent improvements. Notably, the flow-factored++
variant — trained with 20K unlabeled dynamic video se-
quences in addition to 1K 3D-labeled sequences — surpasses
3d-sup++, which uses 3K labeled sequences for full 3D
supervision. These results demonstrate that supervising
flow through our factored prediction formulation can ef-
fectively scale visual geometry learning, leveraging large
quantities of unlabeled, dynamic video data.

Visualization. In Fig. 4, we qualitatively compare
our method with baselines under full 3D supervision
and those with different flow formulations. Notably,
flow-factored significantly improves reconstruction
quality over the no-flow baseline (3d—sup) while outper-
forming other flow-supervised model variants. Also, lever-

aging more data also brings non-trivial gains in reconstruc-
tion quality and the resulting model performs comparably
with or even surpasses the baseline with largest number of
training sequences under full 3D supervision (3d-sup++).

4.2. Scaling Visual Geometry Learning

Built upon the findings from Sec. 4.1, we scale the train-
ing of an off-the-shelf large visual geometry network (i.e.,
VGGT [31]) by leveraging our factored flow prediction
strategy with unlabeled dynamic data. In the following, we
first describe the experimental setups, our training strate-
gies, and baselines. Then, we present the resulting perfor-
mance along with our analysis.

Datasets. We train our model on a diverse mixture
of labeled 3D datasets and large-scale unlabeled video
data. Our 3D supervision set consists of eight widely-
used multi-view reconstruction datasets — CO3Dv2 [25],
Habitat [26], ARKitScenes [3], ScanNet [7], Scan-
Net++ [37], MegaDepth [19], BlendedMVS [19], and
StaticThings3D[28] — which provide ground-truth cam-
era poses and geometry for supervised learning. To
further scale correspondence supervision, we incorporate
three unlabeled 4D video datasets: Kinetics-700 [5], Spa-
tial VID [32] (high-quality dynamic sequences), and EPIC-
Kitchens [8]. These dynamic datasets offer extensive ap-
pearance and motion diversity.

Training Overview. Our model training proceeds in two
stages. First, we initialize our model from a pretrained
VGGT [31] checkpoint and remove the first camera token to
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Figure 6. Comparision on utilizing large-scale unlabeled dataset. Compared with Flow3r*, Flow3r more accurately predicts dense
flow and geometry on dynamic datasets, demonstrating the effectiveness of using large-scale unlabeled data via factored flow prediction.

enable permutation-equivariant prediction, while appending
our factored flow prediction head to the model. In this stage,
we use all labeled 3D data to train VGGT backbone and the
newly-added flow prediction head separately (i.e., the gra-
dients from flow supervision would not affect the VGGT
backbone). We denote this model by F1ow3r*. In the sec-
ond stage, we add additional unlabeled video datasets for
training, and unfreeze the whole model, performing end-to-
end finetuning for the whole model. The resulting model is
denoted by Flow3r.

Baselines and Metrics. We compare Flow3r (and
Flow3r) with CUT3R [33], VGGT [31], and 7% [35].
Since the official 7 checkpoint was trained with unreleased
dynamic-scene data, we re-implement 73 and train a model
(denoted as 73) using the same training data as our method
to ensure a fair comparison. CUT3R is trained on a con-
siderably larger pool of data (30+ datasets spanning diverse
domains), whereas VGGT and our 73* baseline are trained
on the same data as Flow3r.

We evaluate performance using pose accuracy and re-
construction metrics in four dynamic datasets: Kinet-
ics700 [5], Epic-Kitchens [8], Sintel [4] an Bonn [24], us-
ing MegaSAM [20] to compute ‘ground truth’ from dense
videos on the first two. Following prior work [6, 38], we
report Relative Pose Error, including RPE (trans) and RPE
(rot). We assess 3D geometry using mean squared error
(MSE), which captures overall geometric fidelity, and F-
score to evaluate the accuracy—completeness trade-off.

Results. We report our evaluations in Tab. 3. For both
pose estimation and scene reconstruction, F1low3r consis-
tently outperforms baselines that use comparable training
data, e.g., VGGT and 3%, Although the official 3 model
is trained on more data, F1ow3r performs comparably on
most metrics and even outperforms 73 on a few metrics,

e.g., pose accuracy on Epic-Kitchens and reconstruction
quality on Sintel, demonstrating the benefit from leveraging
unlabeled video data via our factored flow prediction. We
include qualitative results on in-the-wild videos in Fig. 5,
where Flow3r infers cleaner and more accurate scene
structure than baselines. We also observe that F1ow3r con-
sistently outperforms F1ow3r* by a large margin, demon-
strating the effectiveness of scaling with large amounts of
unlabeled data. A visual comparison between the two mod-
els in Fig.6 further shows significant improvements in both
the predicted flow fields and the scene geometry.

5. Discussion

In this work, we present F1low3r and demonstrate that it
effectively leverages in-the-wild unlabeled data by intro-
ducing factored flow prediction, advancing visual geometry
learning beyond existing fully supervised methods. While
our approach opens up new possibilities, several challenges
remain. First, Flow3r relies on off-the-shelf models to
provide pseudo-ground-truth flow supervision, and there
can be domains where such 2D prediction fails, limiting the
performance upper bound of Flow3r. Second, although
our factored flow formulation elegantly handles dynamic
scenes and enables flow supervision to improve the learning
of both camera motion and scene geometry, Flow3r may
struggle under complex scenes with multiple moving inde-
pendently components. Finally, our current experiments op-
erate at a moderate scale (~800K video sequences for flow
supervision), and scaling to truly large-scale settings ( 10-
100M videos) presents an exciting but unexplored direction.
While this is out of scope for our work due to computational
constraints, we envision Flow3r’s formulation serving as
a building block for future large-scale learning methods.
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Flow3r: Factored Flow Prediction for Visual Geometry Learning

Supplementary Material

Overview

The supplementary material includes sections as follows:

* Section A: Implementation details.

* Section B: Camera and geometry supervision from la-
beled data.

 Section C: More quantitative results.

* Section D: More qualitative comparisons of predicted ge-
ometry against baseline methods.

A. Implementation Details

In this section, we provide implementation and training de-
tails for all experiments of Flow3r.

Small Model. For ablation studies in Sec. 4.1, we use
a compact model that preserves the overall architecture
of Flow3r but with reduced capacity for efficiency. It
employs a DINOv2 [23] backbone with a 224x224 in-
put resolution to extract patch features, followed by a 12-
layer multi-view transformer in which each layer contains
one frame-wise self-attention block and one global self-
attention block, following the structure of VGGT [31].
To perform factored flow prediction, we modulate the
target-view camera latent into the source-view patch tokens
through a lightweight MLP, and then decode the fused latent
representation using a DPT head to obtain dense flow fields.
Despite being significantly smaller, this model maintains ar-
chitectural compatibility with the full variant and supports
all ablation analysis.

Full Model. The full model adopts the same general de-
sign as our small model but increases the model capacity for
higher accuracy. It uses the 518 x518 DINOv2 [23] back-
bone and expands the multi-view transformer to 24 layers,
while keeping the decoder heads (camera, depth, pointmap,
and flow) identical in structure to those used in the small
model. This configuration provides stronger representa-
tional power and serves as the default architecture for all
large-scale experiments in Sec. 4.2.

Training Procedure. We train F1low3r in two stages. In
the first stage (Flow3r*), we initialize the model from a
pretrained VGGT checkpoint and train the camera, depth,
and pointmap heads for 100k steps on all labeled 3D
datasets. We use Adam with a learning rate of le-5 and
a per-GPU batch size of 2 across 8 A100 GPUs (global
batch size 16). We also apply gradient accumulation every
24 steps. The number of input views is randomly sampled

between 2 and 8. After this supervised stage, we freeze the
backbone and train only the factored flow head for an ad-
ditional 50k steps. This flow-only phase uses a different
configuration, with 8 A100 GPUs, a per-GPU batch size of
8 (no gradient accumulation), and the same learning rate.

In the second stage (Flow3r), we incorporate unla-
beled dynamic-video datasets, unfreeze the entire model,
and train end-to-end for another 100k steps across 8 H100
GPUs using the same per-GPU batch size of 2, the same
randomized view sampling strategy, and a slightly higher
learning rate of 2e-5. This two-stage procedure stabilizes
geometry learning under full supervision before introduc-
ing large-scale flow supervision from unlabeled videos.

B. Camera and Geometry Supervision from
Labeled Data.

This section introduces details for camera and geometry su-
pervision from labeled 3D data.

Scene Scale Normalization. To avoid tying the represen-
tation to any particular reference frame, we compute losses
for geometry quantities on normalized predictions. Specif-
ically, given a set of predicted 3D points {P; }/,, we first
compute their centroid P and define the scene scale s as the
mean Euclidean distance of all points to this centroid:

I S 1 &,
P:?;Pi, SK;HPiPHQ. 9)

We then divide all predicted 3D quantities by this scale.
This mean-distance value itself serves as the absolute scene
scale that the model implicitly learns, and normalizing by it
removes the need for the network to resolve any additional
global scale during supervision. After this step, the camera,
depth, and pointmap losses only need to account for their
relative geometry, since the overall scale has already been
fixed by our definition.

Camera Supervision. Camera head takes implicit cam-
era features as input, and predicts both intrinsic and extrin-
sic camera parameters. The output includes the translation
vector, rotation quaternion, and field-of-view parameters.
We adopt the relative rotation loss as described in 73 [35],
which minimizes the geodesic distance (angular error) be-
tween the predicted relative rotation:

Tr (RI_?].iufj) -1
2

L2, j) = arccos (10)



For translation supervision, we replace 72 [35]’s relative
translation loss with an aligned camera center loss, which
we empirically find to perform better. Specifically, for the
predicted camera centers {¢; }, we compute an optimal rigid
transform (R*,t*) that minimizes >, |R*&; + t* — ¢;|3,
and align the predicted centers as ¢"#"! = R*¢&; +t*. The
camera center loss is defined as:

1 .
Leenter = N Z Hciahgned _ Cin
i

where N denotes the number of views in the input.

Geometry Supervision. We also predict dense pixel-
aligned depth maps, pointmaps and confidence maps which
indicate the uncertainty of the model in various regions.
To achieve global permutation-equivariance, we estimate an
optimal rigid transform that aligns the predicted pointmaps
Pto ground truth P9¢ and compute an ¢ loss on the aligned
points:

Looint = —
PO K Reso(3), Ters

1 .
. gt
min Y |[RPy + T — P{'|,.
k
To prevent coordinate drift over training, we regularize the
mean position of all predicted points to stay centered around

the origin:
1 N
O
k

The depth head is supervised using the confidence-
weighted regression loss introduced in DUSt3R [34].
Specifically, for each pixel ¢, we regress the predicted depth
D; to the ground-truth depth D, using the predicted uncer-
tainty $P as a per-pixel confidence weight. The depth loss
is:

Lreg = (11)

2
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(12)

The total loss for supervising camera and geometric pre-
dictions is therefore:

Esupervised = Erot + £cemer + [fdeplh + L‘point + Bﬁreg- (13)

C. Additional Quantitative Results

Beyond the main results, we provide additional quantitative
evaluations on several more datasets (see Tables 4, 5, 6, 7, 8,
9, 10, 11). These include the datasets from the main text, for
which we report all relevant metrics, as well as several rep-
resentative static-scene benchmarks such as 7-Scenes [29],
ScanNet [7], CO3Dv2 [25], and NRGBD [2]. For cam-
era evaluation, we follow the standard protocols for each

setting: static-scene datasets are evaluated using Relative
Rotation Accuracy (RRA), Relative Translation Accuracy
(RTA), and the Area Under the Curve which combines the
first two metrics, while dynamic-scene datasets are evalu-
ated using Absolute Trajectory Error (ATE), Relative Pose
Error for translation (RPE trans), and Relative Pose Error
for rotation (RPE rot). For geometry evaluation, we adopt
the same metrics for both static and dynamic datasets, re-
porting Accuracy, Completeness, Chamfer Distance, Mean-
Squared Error, and F-score at 2% and 5% thresholds.

Across these results, we observe that F1ow3r results in
consistent improvements particularly on dynamic datasets
where data with dense supervision is limited (although
73 [35] uses additional synthetic data). On static-scene
benchmarks, Flow3r is also competitive to the baseline
(e.g. better on Scannet and 7-scenes), although we find that
the performance on object-centric data (Co3D) does drop,
perhaps because our unlabeled data is scene-centric. Over-
all, considering all datasets together, F1ow3r shows a gen-
eral improvement over the baselines, including methods
trained with substantially more labeled data (e.g. the non-
public synthetic data for training 72 [35]).

D. More Qualitative Comparisons of Predicted
Geometry against Baseline Methods

We additionally test our model on a broad set of in-the-
wild videos spanning both static and dynamic scenes, in-
cluding everyday scenarios with people, animals, vehicles,
and complex background clutter. As shown in Fig.8, across
these diverse examples, our method consistently produces
competitive or better 3D geometry than baseline methods.
We further provide full point-cloud visualizations in video
form on the supplementary website.



Kinetics700

Methods

ATE| RPEtrans| RPErot| Acc.] Comp., CD| MSE| f-score@2%1 f-score@5%1
VGGT 0.027 0.038 1.392 0.088 0.120 0.104 0.347 0.258 0.479
Flow3r*  0.022 0.033 1.360 0.066  0.063 0.065 0.258 0.413 0.623
Flow3r 0.015 0.023 0.999 0.064 0.077 0.070 0.257 0.403 0.626
w3* 0.017 0.026 1.178 0.066 0.063 0.065 0.259 0.400 0.613
3 0.016 0.023 1.006 0.059 0.097 0.078 0.267 0.347 0.585
DUSt3R  0.045 0.063 9.343 0.083  0.106 0.095 0.366 0.317 0.533
CUT3R  0.019 0.027 1.988 0.070  0.076  0.073 0.303 0.352 0.573

Table 4. Comparison on Kinetics700.

Methods EPIC-KITCHENS

ATE| RPEtrans| RPErot| Acc.] Comp., CD| MSE| f-score@2%71 f-score@5%1
VGGT 0.032 0.049 3.025 0.061  0.069 0.065 0.220 0.415 0.617
Flow3r*  0.036 0.053 3.262 0.063 0.073  0.068 0.230 0.400 0.606
Flow3r 0.030 0.041 3.005 0.058 0.062 0.060 0.218 0.461 0.620
w3* 0.033 0.046 3.212 0.063  0.065 0.064 0.222 0.429 0.612
3 0.032 0.043 3.025 0.069  0.058 0.059 0.200 0.459 0.620
DUSt3R  0.077 0.110 8.492 0.100 0.092 0.096 0.312 0.385 0.528
CUT3R  0.056 0.081 4.709 0.085 0.095 0.090 0.338 0.297 0.493

Table 5. Comparison on EPIC-KITCHENS.

Methods Sintel

ATE| RPEtrans| RPErot| Acc.] Comp.,] CD| MSE| f-score@2%1 f-score@5%1
VGGT 0.090 0.086 1.220 0.217  0.227 0.222 0.595 0.005 0.011
Flow3r*  0.093 0.126 1.753 0.230 0.200 0.215 0.620 0.134 0.278
Flow3r 0.057 0.066 1.154 0.182 0.174 0.178 0.482 0.155 0.346
w3* 0.073 0.126 1.200 0.200  0.200  0.200 0.600 0.138 0.279
3 0.060 0.066 1.122 0.189  0.191  0.190 0.523 0.141 0.317
DUSt3R  0.152 0.179 15.166 0.255 0.224 0.240 0.622 0.124 0.271
CUT3R 0.111 0.128 1.998 0.221 0269 0.245 0.676 0.111 0.217

Table 6. Comparison on Sintel.

Methods Bonn

ATE] RPEtrans] RPErot| Acc.] Comp.] CD] MSE| f-score@2%7T f-score@5%"
VGGT 0.011 0.096 6.021 0.016  0.028 0.021 0.082 0.644 0.884
Flow3r*  0.017 0.095 6.246 0.019  0.022 0.021 0.082 0.692 0.894
Flow3r 0.016 0.094 6.175 0.016  0.022 0.019 0.076 0.708 0.908
w3* 0.017 0.093 6.213 0.019  0.023 0.021 0.079 0.691 0.895
3 0.016 0.095 6.240 0.014 0.025 0.019 0.076 0.669 0.905
DUSt3R  0.055 0.113 6.384 0.029 0.037 0.033 0.116 0.546 0.800
CUT3R  0.021 0.095 6.349 0.018  0.023 0.021 0.088 0.658 0.899

Table 7. Comparison on Bonn.



7-scenes

Methods
RRA@301T RTA@301 AUC@30T Acc.) Comp.] CD] MSE]| f-score@2%71T f-score@5%71

VGGT 100.0 86.51 69.77 0.052 0.056 0.054 0.182 0.395 0.665
Flow3r* 100.0 88.10 68.23 0.042  0.036 0.039 0.157 0.490 0.750
Flow3r 100.0 90.67 71.75 0.042 0.039 0.040 0.166 0.496 0.750
3% 100.0 88.09 68.26 0.042 0.040 0.041 0.167 0.492 0.750
w3 100.0 87.69 71.80 0.039 0.045 0.042 0.169 0.473 0.737
DUSt3R 100.0 76.59 55.07 0.047 0.053 0.050 0.170 0.457 0.714
CUT3R 100.0 81.15 59.72 0.055 0.049 0.052 0.183 0.457 0.695

Table 8. Comparison on 7-scenes.

NRGBD

Methods

RRA@301t RTA@301 AUC@301 Acc.l Comp.] CD| MSE| f-score@2%*1 f-score@5%7
VGGT 100.0 99.21 93.13 0.015 0.010 0.012 0.032 0.833 0.964
Flow3r* 100.0 98.01 87.50 0.023 0.012 0.018 0.046 0.758 0.920
Flow3r 100.0 98.02 87.50 0.023  0.012 0.017 0.046 0.758 0.920
3% 100.0 98.02 87.25 0.022 0.013 0.017 0.029 0.755 0.914
w3 100.0 99.21 92.88 0.014 0.009 0.012 0.027 0.868 0.960
DUSt3R 100.0 93.25 76.04 0.031 0.024 0.027 0.063 0.662 0.865
CUT3R 100.0 95.63 76.90 0.042 0.019 0.030 0.075 0.549 0.808

Table 9. Comparison on NRGBD.

Methods Scannet

RRA@301 RTA@301t AUC@307T Acc.) Comp.] CD] MSE] f-score@2%71T (f-score@5%71
VGGT 100.0 93.71 71.37 0.015 0.019 0.017 0.053 0.769 0.931
Flow3r* 100.0 93.46 71.05 0.018 0.016 0.017 0.056 0.761 0.934
Flow3r 100.0 94.82 72.11 0.018 0.017 0.017 0.055 0.761 0.935
3% 100.0 93.47 71.06 0.019 0.017 0.018 0.056 0.760 0.933
w3 99.75 91.14 69.39 0.016 0.022 0.019 0.058 0.762 0.930
DUSt3R 100.0 57.14 31.56 0.031 0.032 0.032 0.092 0.591 0.831
CUT3R 99.39 71.39 42.30 0.053 0.034 0.043 0.132 0.499 0.740

Table 10. Comparison on Scannet.

Methods Co3Dv2

RRA@301 RTA@301t AUC@307T Acc.) Comp.] CD] MSE]| f-score@2%71 f-score@5%71
VGGT 98.41 97.27 87.62 0.022 0.051 0.036 0.151 0.707 0.874
Flow3r* 98.29 96.68 82.96 0.030 0.048 0.039 0.186 0.633 0.849
Flow3r 98.54 96.81 80.52 0.036  0.051 0.043 0.213 0.556 0.812
3% 98.56 97.21 82.89 0.027 0.051 0.039 0.170 0.653 0.859
w3 98.82 97.49 90.53 0.022 0.052 0.037 0.151 0.707 0.874
DUSt3R 97.07 90.91 66.83 0.036  0.069 0.033 0.223 0.567 0.783
CUT3R 93.85 90.68 68.11 0.047 0.082 0.064 0.278 0.507 0.737

Table 11. Comparison on Co3Dv2.



Flow3r (Ours)

Figure 7. More qualitative results. The top six examples are dynamic scenes, where Flow3r tends to produce stable geometry under
motion, though some challenging cases still show noticeable artifacts.



Input Flow3r (Ours) VGGT 3 CUT3R

Figure 8. More qualitative results. The first two examples show dynamic scenes, where Flow3r better preserves both the moving object
and the surrounding background geometry. In particular, in the second dynamic scene (the cat descending the stairs), Flow3r maintains more
stable geometry for the cat while also keeping the staircase and nearby structures less distorted. The last two examples are static scenes,
where the differences across methods are smaller. For more comprehensive comparisons, please refer to the videos in the supplementary
webpage.
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