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Abstract. Reconstructing and tracking dynamic 3D scenes is a funda-
mental challenge in computer vision. Existing methods typically decou-
ple geometry from motion: static multi-view reconstruction systems as-
sume a rigid world, whereas dynamic tracking frameworks rely on explicit
ego-motion estimation or separate object motion models. In this work,
we propose Flow4R, a unified framework that treats relative scene flow
as the central representation linking 3D structure, camera ego-motion,
and dynamic object motion. Given a two-view input, Flow4R employs a
shared Vision Transformer to predict a compact, pixel-aligned property
set comprising 3D point positions, scene flow, pose weights, and con-
fidence maps. This flow-centric formulation allows local geometry and
bidirectional motion to be jointly inferred in a single feedforward pass,
eliminating the need for explicit pose regression heads or complex bundle
adjustment. By training jointly on static and dynamic datasets, Flow4R
achieves state-of-the-art performance on 4D reconstruction and tracking
benchmarks, demonstrating the power of the flow-centric formulation for
spatiotemporal scene understanding.

1 Introduction

1.1 A Unified Representation for Dynamic Scenes

Understanding dynamic 3D scenes requires reasoning jointly about geometry,
motion, and time. Yet existing methods typically treat these factors separately:
multi-view reconstruction systems assume static worlds with fixed camera poses,
while motion estimation and tracking frameworks rely on explicit pose regres-
sion or per-object motion models. This separation leads to brittle pipelines that
struggle to generalize across diverse scenes and motion types. We argue that a
single, unified representation—scene flow—can encapsulate both 3D structure
and motion, bridging the gap between reconstruction and tracking.

In this work, we introduce Flow4R—see Figures [l and [2}—a two-view trans-
former framework that formulates 4D perception entirely in terms of scene flow.

tEqual advising.
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Fig.1: Given each image pair, Flow4R predicts for each image the point position
P, scene flow F, pose weight W, and confidence C. Central to our framework, the
scene flow F captures motion of points relative to the observer, thus is independent
of the choice of coordinate system. Based on the pose weight W, the scene flow F
can be accurately decomposed into camera motion and object motion, enabling stable
reconstruction and flexible tracking in both static and dynamic scenarios.

Flow4R predicts per-pixel 3D positions, flow vectors, and camera pose weights,
allowing it to infer both camera and object motion in a single forward pass
without explicit pose heads or bundle adjustment. This flow-centric perspective
reframes 4D reconstruction as continuous motion reasoning, unifying static and
dynamic scene understanding under one compact formulation.

Recent advances in 3D reconstruction have seen the emergence of multi-view,
self-attention-based transformers. DUSt3R reconstructs geometry by re-
gressing pointmaps directly from image pairs using a transformer, while VGGT
generalizes this idea by handling multiple views jointly through global attention
across all input images. Subsequent work extends DUSt3R and VGGT to dy-
namic scenes by fine-tuning them on motion-rich datasets, with some methods
incorporating correspondence supervision through optical flow or point track-
ing IEI, These approaches retain the assumption that all points are predicted
in a shared reference frame—a natural choice for static scenes but potentially
ambiguous in dynamic scenarios.

1.2 Panta Rhei — Everything Flowqq_l

Motion is relative: the observed motion in an image results from both the move-
ments of objects and the ego-motion of the observer. When estimating camera
motion from a dynamic sequence, we typically assume the scene is static and
mask out dynamic regions. However, declaring a region as static is ultimately

“Panta Rhei (amdvto i), meaning “everything flows”, is an aphorism which
describes the doctrine of Heraclitus (520-460 BC).
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a choice of reference coordinate system. In many cases, the ground serves as a
natural reference coordinate frame. However, this choice becomes ambiguous in
dynamic scenes. For instance, when approaching a moving escalator, our mind
naturally treats the first step as static, but as we step off, the landing becomes
the static reference frame. This illustrates that the selection of a reference frame
is task-dependent and subjective. Therefore, a more general solution for 4D re-
construction and tracking would be to predict relative motion. Scene flow is a
natural fit here since it is defined in the camera space, hence invariant to the
choice of reference frame.

However, a key hurdle in training scene flow models is the extreme scarcity
of ground-truth annotations for dynamic scenes [26,/48,[58}/59]. Moreover, most
existing datasets are synthetic [26,27], which are accurate but limited in domain.
To address this, we propose a joint supervision strategy that leverages both
static and dynamic datasets. For static scenes, which constitute the majority
of available 3D data, we compute a rigid flow using depth and relative poses
to supervise the predicted flow. For dynamic scenes, we train the pose weight
map W in a self-supervised, end-to-end manner by backpropagating through
the weighted pose solver. This enables the network to automatically learn to
segment static reference regions and down-weight dynamic, distant, or occluded
pixels, directing the rigid motion supervision only to stable static structures.
During inference, this learned weight map can be flexibly adjusted or overridden
to switch reference coordinate frames based on the downstream task.

Furthermore, our two-view formulation scales naturally to sequential data.
By pairing a sequence of frames with a single anchor frame, Flow4R performs
bidirectional tracking and local geometry reconstruction. Unlike prior works,
predicting local point maps for both views allows us to align the metric scale
across arbitrary frame pairs using the shared anchor, enabling consistent 3D
trajectory tracking without complex global bundle adjustment.

In summary, our contributions include:

— A compact formulation under the two-view setting that supports various 4D
tasks and generalizes to sequential data.

— An effective supervision strategy to learn local geometry and relative motion
in a unified manner, leveraging both static and dynamic datasets.

— An efficient transformer-based model that achieves competitive performance
for 4D reconstruction and tracking.

2 Related Work

2.1 Structure-from-Motion (SfM)

Classical Structure-from-Motion (SfM) methods [28}31},38.{44] typically rely on
a modular three-stage pipeline comprising keypoint extraction and matching,
incremental triangulation and registration, and bundle adjustment. These ap-
proaches utilize multi-view geometric constraints to explicitly optimize both 3D
points and camera poses, yielding accurate and robust reconstructions. Later
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works [23,52] make the pipeline fully differentiable, training the components
end-to-end to improve robustness. However, their reliance on iterative bundle
adjustment optimizations limits their inference speed, particularly at scale, and
they are typically constrained to sparse reconstructions.

DUSt3R |55] pioneered feedforward 3D reconstruction using transformer-
based architectures. It directly regresses pixel-aligned pointmaps for two input
views in a shared coordinate frame, enabling dense reconstruction without ex-
plicit feature matching or optimization. Subsequent follow-up works extend this
paradigm to more than two views. Spann3R [50] and related methods [5]53]
extend DUSt3R to sequential multi-view data, while VGGT [51] and similar ap-
proaches [8,17,/46,[57,[65] process multiple images jointly to estimate consistent
geometry. Unlike many of these methods that rely on dedicated regression heads
for camera pose estimation, Flow4R solves for camera poses implicitly using the
predicted scene flow and pose weight maps. Crucially, the pose weight map not
only filters out dynamic regions but also indicates which static structures are
most reliable for ego-motion estimation.

2.2 Dynamic Reconstruction and Point Tracking

Reconstructing dynamic scenes is significantly more challenging than static 3D
reconstruction, as classical multi-view geometric constraints are violated by non-
rigid motion. Pioneering works like DynamicFusion [29] utilize a canonical model
to represent dynamic objects and track non-rigid deformations via a warp field.
However, they rely on high-quality RGB-D inputs and are highly sensitive to
initialization.

To improve robustness, several approaches [6}/18,2170,72| integrate learning-
based predictions with classical optimization. For instance, MonST3R, [70] fine-
tunes DUSt3R [55] to regress pointmaps for dynamic scenes, which are subse-
quently refined via post-optimization. Similarly, MegaSAM [21] and BA-Track [6]
incorporate predicted motion priors into dense bundle adjustment systems for
stable dynamic reconstruction.

Other recent architectures [9f1142l71] extend DUSt3R [55] to directly regress
dynamic 3D points or point trajectories. For example, given two views at different
timestamps, ZeroMSF [22]|, Dynamic Point Maps [42], and POMATO |71] intro-
duce separate regression heads for different timestamps, whereas St4RTrack [9]
and D?USt3R [11] repurpose the pointmap prediction head for the second frame.
In contrast to these head-heavy formulations, Flow4R employs a single shared
decoder and head to predict a compact set of unified properties representing
both the 3D geometry and bidirectional motion.

Concurrent works extend the multi-view VGGT [51] framework to sequential
inputs [76], dynamic scenes |12}/74], and 3D point tracking [2}/16}25\|41}/49,(63]
69|, achieving spatial-temporal consistency through feedforward inference. While
Flow4R focuses on the two-view setting, it remains compatible with and could
be extended to such multi-view attention mechanisms.

Another line of research leverages off-the-shelf predictions. For example,
DELTA |[30] lifts 2D pixel tracks into 3D using depth to maintain spatial consis-
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Fig. 2: Flow4R takes two images as input at a time and predicts a pixel-aligned
property set, including point position, scene flow, pose weight, and confidence, from
which various downstream predictions can be deduced.

tency over long sequences. Similarly, TAPIP3D introduces a world-centric
3D feature cloud to enable persistent tracking under substantial camera ego-
motion or occlusions. Along the same lines, C4D combines feedforward 3D
reconstruction networks with an optimized correspondence matching system and
a learned mobility mask to perform joint 4D reconstruction and tracking.

3 Method

In this section, we first define a compact set of pixel-aligned properties and
demonstrate how it unifies 4D reconstruction and tracking. We then describe
how this formulation enables a simplified network design and allows flexible
processing of sequential data. Please refer to the supplementary material for a
summary table of notations.

3.1 A Compact Property Set for 4D Tasks

Formulation. Given a pair of images (I,I') captured from different viewpoints
and timestamps, we define a compact property set S(I,I') = {P,F, W, C} for
pixels in image I with respect to I’, where: P € R¥*Wx3 ig a point position map
placing pixels in the local Euclidean space; F € R *Wx3 i a scene flow map that
maps each point from I to I’ under camera and object motion; W € (0, 1)H#*W
is a pose weight map with nglv W' = 1, indicating which pixels are reliable for
camera pose estimation; C € (1,00)#*W is a confidence map. Symmetrically,
we define the property set S(I',I) = {P', ¥/, W' C’'} for image I' with respect
to I. This property set forms a compact parameter space for neural network
prediction while enabling flexible configurations for various downstream tasks.

Scene Flow Decomposition. Induced by both camera and object movements, a
scene flow vector F* maps a point P’ to its corresponding location in the other
frame’s coordinate system and timestamp:

P, =P +F (1)
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where i is the pixel index, and v, t indicate a switch of view and time from I to
I'. Using the pose weight map W, we solve for the relative camera pose T via a
weighted least-squares formulation:

HW

T= i WP, — TP?,. 2
arg main 2 1P% [l2 (2)

Thus, each point P? projected into the other view’s coordinate frame is written
as: _ _
P, =TP". (3)

Finally, we decompose the scene flow vector F* into a rigid component (camera

motion) _ _ _
F,=P, - P, (4)

and a non-rigid component (object motion)
F. =F —Fi. (5)

3D Point Tracking. One can track the trajectory of each point P? in its own
reference frame using:

P,=T7'P,, =T (P +F). (6)
Focal Length. Using the local point map P, we solve for the focal length in image

I via:
f:argmfinz(Hf)i—?T(f,QPi)H?) ) (7)

where p’ and c are the image coordinates of pixel i and the optical center,
respectively, and 7(f,c,P*) is the perspective projection function. We assume
identical focal lengths for both axes.

Optical Flow. Given the estimated or ground-truth focal length f, we project
both P? and P!, into the image plane:

p' =7(f.c,PY). (8)
The optical flow is subsequently computed as:

f'=pl, —p'. (9)

3.2 Flexible Predictions with a Compact Model

As shown above, the property set S is compact yet sufficient to recover local
geometry and relative motion between two images, making it an ideal learning
target for feedforward Vision Transformers.
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Fig.3: 3D Visualization of the Predictions. Examples are taken from the
DAVIS and Aria Digital Twin datasets. Flow4R is capable of reconstruct-
ing 3D scenes and tracking the motion of both the camera and objects.

Architecture Simplicity. Building on the success of two-view transformers like
DUSt3R and MASt3R [19], which leverage cross-attention to match views
and reconstruct geometry, we employ a similar architecture to learn relative
scene flow. Thanks to our symmetric formulation, the twin forward paths share
parameters across the encoders, decoders, and prediction heads. This symmetry
also eliminates the need to manually construct symmetrized image pairs during
training, like DUSt3R.

Inference Flexibility. During inference, the predicted property set S for each
image encapsulates both local geometry and relative motion, supporting con-
sistent 3D reconstruction, bidirectional tracking, and coordinate space transfor-
mations. In contrast, existing methods typically append dedicated prediction
heads or repurpose static heads [9l[11], which limits their flexibility when
handling viewpoint or timestamp switches.

Sequence Processing. The two-view formulation can be applied to video se-
quences by constructing image pairs, as shown in Fig. @ MonST3R con-
structs pairs within local temporal windows and uses post-optimization to ar-
range pairs in a pose graph. In contrast, St4RTrack @] builds anchored connec-
tions to conduct consistent tracking from the first image. To perform tracking
and reconstruction without post-optimization, we adopt anchored connections
following St4RTrack.

Because Flow4R predicts local point maps for both input views, it can align
the metric scale of independent predictions using the shared anchor view. Specifi-
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Fig. 4: Sequence processing paradigms.

cally, given predictions for anchored pairs [(I,11), (I, I2), (In,I5), .. .], we com-

pute the average norm s, of the anchor point position map Pén) predicted in
each pair n. We then align the scale of the subsequent point maps and flows
by scaling them with factors 2—;, 2t ... Crucially, this simple scale alignment
is only possible because we predict the local point map of the anchor view in
both forward paths, unlike previous methods that only output predictions for

the target frame [9}71].

3.3 Model Training

To train the network, we apply supervision on the predicted property set S.
Below we describe the loss formulations for S(I,T); the symmetric set S(I',T) is
supervised identically.

Normalization. Following DUSt3R [55], we normalize both the ground-truth and
predicted point maps by their respective mean Euclidean norms to achieve scale-
invariance. For the remainder of this section, we assume all 3D points (P, P,
and P,;) are normalized.

Point Position Loss. Given the ground-truth point map P obtained by back-
projecting depth maps using camera intrinsics, we supervise the predicted point
map P using a confidence-weighted regression loss:

1 ) o )
Lp = | > Mp (C'|P* = PPy — alog CY), (10)

Mp
where Mp indicates pixels with valid depth ground truths.

8D Motion Loss. In our formulation, scene flow is the key link across views
and time. However, ground-truth scene flow annotations are scarce, particularly
for dynamic scenes. To overcome this, we leverage diverse data sources providing
pixel-wise correspondences on dynamic objects, including scene flow, optical flow,
and 3D point tracking. While scene flow and optical flow are dense but restricted
to adjacent frames, point tracking is sparser but provides long-term cross-frame
correspondences. Fortunately, all these modalities can be converted into camera-
space scene flow between the input frames.

Empirically, we observe that directly predicting and supervising the point
map P, yields superior performance compared to predicting the flow map F
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directly (Tab. , despite their mathematical equivalence via F = P,; — P.
Consequently, we define the direct network outputs as P = {P,P,;, W, C} and
adjust the loss formulations accordingly.

For ground-truth scene flow and 3D point tracking, we apply the 3D motion
loss as:

1 i (i 5 i
‘CF = W ZMF (C ||P'Ut - Pvt||2 - OZIOgC ) y (11)

where Mk denotes the mask for pixels with ground-truth scene flows or tracked
3D points. Since both the scene flow map and point position map are defined
in Euclidean space, we share the confidence map between them for simplicity.
Additionally, the confidence score dynamically increases as training proceeds,
implicitly upweighting the scene flow loss along with the point position loss.

2D Motion Loss. When ground-truth optical flow or 2D point tracks are avail-
able, we apply the 2D motion loss to the projected coordinates p,;: (Eq. @)

= — M:||pt, — Pyll2- 12
’Cf ‘Mf‘ zl: f”pvt pvt||2 ( )

We omit confidence weighting here since p,; resides in 2D projective space rather
than 3D Euclidean space.

Pose Weight Loss. Since scene flow captures the entirety of relative motion, cam-
era ego-motion estimation requires identifying which regions conform to static
scene geometry. This is modeled by the pose weight map W. However, obtain-
ing explicit ground-truth supervision for W is non-trivial. While foreground,
instance, or rigidity masks are sometimes available, they do not perfectly repre-
sent optimal pose weights: foreground objects are useful for localization if static,
and rigidity classifications can be ambiguous for slow-moving objects. Further-
more, W should ideally down-weight not only non-rigid motion but also distant,
reflective, or occluded pixels that degrade pose solver stability.

To address this, we train the pose weight map in a self-supervised manner
by backpropagating through the differentiable camera pose solver:

1 . ) _
Lw = —— S M (PP — P fy), 13
)% ‘MP| zl: P (H v v||2) ( )

where P! = TP?, with T being the camera pose estimated from P, P, and W
(Egs. (2) and ), and P! = TP?, with T representing the ground-truth relative
camera pose. During backpropagation, we block gradients through P and P,
since they are already supervised by other terms, making W the sole optimized
parameter for this loss. Intuitively, this forces the network to adjust W to guide
the solver towards the ground-truth ego-motion.
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Rigid Motion Loss. Given the scarcity of dynamic scene flow annotations, we
augment motion supervision by leveraging the rigid flow induced by the ground-
truth camera pose. This is formulated as the rigid motion loss:

1 . . . _ . .
Ly, = v ZM;) (w'CH|PL, — P> — alog CY) (14)

where:
i {sg(Wz) x HW if dynamic dataset, (15)

w = . .
1 if static dataset.

For dynamic scenes, the predicted pose weight map W* is used to down-weight
the loss in non-rigid or dynamic regions. Since the weight map is normalized
(Zf]W Wi = 1), we scale W by the image resolution HW to maintain a loss
magnitude consistent with other terms. We apply a stop-gradient operator sg(+)
to prevent this loss from backpropagating into W. For static datasets, P,; is
mathematically equivalent to the rigid projection P, allowing direct regression
to P! with w® = 1.

Total Loss. The multi-task loss is formulated as:
,C(P, Py, W, C) = MLp + X LF + A3Lf + MLw + AL, (16)

with Ay = 1,As = A = A5 = 05,03 = 0.3, and o = 0.2 in Egs. (10),
and .

4 Experiments

Training Data. The training data is a combination of static and dynamic, real-
world and synthetic datasets, including Habitat [34,|37}/45], BlendedMVS [66],
MegaDepth [20], ARKitScenes [3], CO3D [35], Static Scenes 3D [39], Scan-
Net++ [67], Waymo [43], TartanAir [56], UnReal4K [47], WildRGBD |62, DL3DV [24],
MapFree [1|, ScanNet [7], HyperSim [36], Virtual KITTI 2 |4], Spring [27],
PointOdyssey |73|, Dynamic Replica |14], Kubric [10], and OmniWorld-Game [75].
For some datasets, we use the data processing code or preprocessed data by
DUSt3R [55], CUT3R [53], MonST3R [70|, and CoTracker [15]. Among the dy-
namic datasets, Virtual KITTI 2 provides ground-truth scene flow; Spring, Dy-
namic Replica, and OmniWorld-Game have ground-truth optical flow; PointOdyssey,
Dynamic Replica, and Kubric contain 3D point tracking annotations.

Training Details. Unlike most of our baselines that are fine-tuned from DUSt3R [55],
MASt3R [19], or MonST3R |[70], we initialize Flow4R from CroCo [60}61] due to
the formulation change and train it in two stages. In the first stage, we train the
model with a linear head for 100 epochs on images at resolution 224. We sample
900K pairs for each epoch. In the second stage, we train the model with a DPT
head for 100 epochs on images at resolution 512 with random aspect ratios. We
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Table 1: World Coordinate 3D Point Tracking. We report the performance on
four datasets, Aria Digital Twin (ADT), Dynamic Replica (DR), Point Odyssey (PO),
and Panoptic Studio (PS) using the Average Percentage of 3D Points within Delta
(APD3D1) metric for all points and dynamic points after global median alignment. We
also compare the model sizes in the last column. The best and second-best results are
marked in bold and underlined.

All Points Dynamic Points # param.
ADT DR PO PS ADT DR PO (B)
MonST3R 74.4 58.1 33.5 51.3 67.9 51.9 39.4 0.7
SpaTracker  45.7 54.9 38.5 62.6 67.7 58.7  51.2 0.2
POMATO 57.2 68.4 497 649 78.1 62.7  58.1 0.7
St4RTrack 76.0 73.7 68.0 69.7 753 68.1 68.7 0.7
Flow4R 78.6 785 71.1 64.3 709 77.2 729 0.4

sample 84K pairs for each epoch in the second stage. For video datasets, we first
sample a random frame and then pair it with a neighbor within 50 frames of
the same scene. We use the Adam optimizer with linear learning rate warmup
(10 epochs for the first stage, 20 epochs for the second stage) to reach the peak
learning rate of le-4, then decay to le-6 until the end following a cosine curve.
Gradients are clipped to a maximum norm of 10 with directions preserved. We
use a total batch size of 256 across eight NVIDIA A100/H100 GPUs for resolu-
tion 224 and a batch size of 64 for resolution 512. The entire training process
takes around four days in total.

4.1 Tracking and Reconstruction

Benchmarks. Since we focus on reconstruction and tracking in a consistent co-
ordinate system, we follow St4RTrack [9] to evaluate in world coordinates using
the WorldTrack benchmark. For 3D point tracking, WorldTrack comprises two
real-world datasets, Aria Digital Twin [32] and Panoptic Studio |13|, as well as
two synthetic datasets from the test sets of Point Odyssey [73] and Dynamic
Replica [14], which provide 3D point trajectories. For dynamic 3D reconstruc-
tion, the synthetic Point Odyssey dataset and the real-world TUM-Dynamics [40]
dataset are used for testing.

Metrics. Following St4RTrack [9], we adopt the Average Percentage of 3D Points
within Delta (APD3D) metric for 3D point tracking evaluation. The predicted
3D point trajectories, after alignment to the ground truth, are compared frame
by frame. We compute the prediction error and report the percentage of points
whose error falls below a threshold d3p € {0.1m, 0.3m, 0.5m, 1.0m}, averaged
over the first 64 frames. For dynamic 3D reconstruction, we compare recon-
structed point clouds against the ground truth using both APD3D and End-
Point Error (EPE) metrics.
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Table 2: World Coordinate 3D Reconstruction. We report performance on Point
Odyssey and TUM-Dynamics after global median scaling. The best and second-best
results are marked in bold and underlined.

Point Odyssey TUM-Dynamics
Category Method APD?T EPE] APD?T EPE]

DUSt3R+GA 43.90 0.609 70.49 0.315
w/ Global Align. MASt3R+GA 60.44 0.403 68.38 0.519

MonST3R+GA 7231 0.263  63.87 0.343

DUSt3R 4579 0.639  72.26 0.289

MASt3R 56.90 0464 66.22 0.551

Feedforuard MonST3R 6825 0304  61.38 0.365
POMATO 66.50  0.385  49.80 0.509

St4RTrack 7873 0.205  83.42  0.185

Flow4R 81.00 0.182  79.87 0.202

Baselines. Flow4R is primarily compared with other feedforward tracking and
reconstruction methods. For 3D point tracking, we evaluate against a camera-
coordinate 3D tracking method, SpatialTracker [64], a dynamic 3D reconstruc-
tion method, MonST3R [70], and two dynamic 3D tracking methods POMATO [71]
and St4RTrack [9]. For POMATO, since its sequential model only provides track-
ing from other frames to the anchor frame (rather than the standard anchor-to-
other-frame tracking used by other methods), we adopt its pairwise model for
evaluation. For 3D reconstruction evaluation, the static methods DUSt3R [55]
and MASt3R [19] are also compared.

Results. In Tab. [, we conduct an evaluation on world-coordinate 3D point
tracking, which is essentially P; (Eq. @) for Flow4R. As the APD metric mea-
sures how accurately points are tracked in world space, a model needs to predict
high-quality geometry, camera motion, and point movement at the same time.
Flow4R shows higher performance on most datasets despite having fewer pa-
rameters. Note that all the baselines except SpaTracker follow the asymmetric
head-bound formulation of DUSt3R, while Flow4R’s competitiveness indicates
the potential of our symmetric minimal formulation.

In Tab. 2| we evaluate the world-space reconstruction quality via point maps
in the reference view, which corresponds to P, (Eq. ) in our formulation.
Flow4R outperforms most baselines including those relying on post-optimization.
This further validates the capacity and potential of our formulation with recon-
struction and tracking unified by scene flows.

As a qualitative comparison, we show sample results of the most competitive
baselines in Fig. Flow4R predicts point positions precisely and tracks the
motion of moving parts effectively.
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Fig. 5: Qualitative Results. We visualize the 3D tracking trajectories by project-
ing them onto 2D. Ground-truth trajectories are marked with dots (e), and predicted
trajectories are denoted by a plus symbol (+). The results of Flow4R show less repro-
jection error on both the background and foreground.

Table 3: Ablation Study on Motion Representation. We compare three vari-
ants of Flow4R using the Average Points under Distance (APD3D?) metric across all
points. Our results demonstrate that directly predicting P,; and supervising it with
its corresponding ground truth yields the optimal performance across all datasets. For
efficiency, these ablation results are reported from models trained for half the total
number of epochs, which is sufficient to observe relative performance trends.

Pred. Target Tracking Reconstruction
ADT DR PO PS PO TUM
F F 78.03 73.26 60.23 55.80 69.36 79.78
F P 77.72 76.41 61.21 63.69 66.29 80.05
P P 78.50 78.48 67.93 67.17 77.20 80.34

4.2 Ablation Study

Given the compact property set S defined in Sec. a straightforward approach
is to have the network directly predict the scene flow F. However, as reconstruc-
tion and tracking accuracy are the primary objectives for real-world applications,
we ablate three variants of Flow4R. Specifically, the network can predict either
F or P,,—deriving the alternative via Eq. —while the regression target can
be set to either F or P,,. Empirically, we find that directly predicting P,; and
regressing to P, yields superior performance (Tab. . This improvement likely
stems from the fact that P, aligns more closely with the final evaluation metrics,
which are based on absolute point positions. Conversely, F serves as an interme-
diate representation that requires additional transformations to compute final
positions, potentially compounding errors. Crucially, predicting either F or P,
remains fundamentally distinct from predicting P,, or P, as both F and P,; are
invariant to the choice of reference objects within a dynamic scene.
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Fig. 6: 2D Visualization of Flow4R Predictions. Given each image pair, Flow4R
predicts for each image the point position P, scene flow F, pose weight W, and con-
fidence C. The point position map P captures scene geometry in the local space. The
scene flow map F describes how each point moves from the current image to its pair,
capturing both camera and object motions. The pose weight map W decides which
pixels are reliable for camera pose estimation. The confidence map C indicates the
uncertainty of the predictions.

4.3 Visualization

To qualitatively analyze the internal behavior of Flow4R, we visualize its predic-
tions across diverse scenarios. In Fig. |§| (a), which shows a static scene featuring a
suitcase, the predicted scene flow exhibits a multi-directional color distribution,
indicating rotation-dominated camera motion. Meanwhile, the pose weight map
assigns low values to the dark, textureless regions of the suitcase, as these areas
lack distinct features for localization. Fig. |§| (b) captures a dynamic environment
with a jumping robot. Here, the scene flow aligns with the rigid flow map except
in the region of the moving robot. Consequently, the pose weight map strongly
suppresses the robot’s pixels, preventing its independent motion from biasing
the camera pose estimation. In Fig. |§| (c), which depicts a stationary train from
both far and near perspectives, the optical flow maps—derived from predicted
point positions and scene flow—are dominated by red and blue hues, signifying
a primarily translational camera motion. Notably, the pose weight map isolates
the overlapping regions between the two views, enhancing the interpretability
of our camera pose estimation by explicitly identifying the pixels driving the
calculation. Finally, Fig. |§| (d) records four individuals dancing. The confidence
map reveals high certainty across the scene except for the last person in the line,
who appears in only one frame. Simultaneously, the pose weight map excludes
all moving figures, ensuring the camera pose is estimated solely from the static
background.

In Fig. [3] we render the reconstructed and tracked points within a global co-
ordinate system. Both dynamic elements (such as the train) and stationary struc-
tures (including the tree, ladder, wall, and table) exhibit high 3D consistency,
demonstrating the effectiveness of our tracking and reconstruction pipeline.
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Table 4: Runtime efficiency metrics. Flow4R achieves comparable throughput
while saving more than 50% VRAM compared to St4RTrack.

Throughput (pairs/s)t VRAM (MB){

St4RTrack 27.9 6711
Flow4R 26.8 3152

4.4 Runtime Efficiency

We further conduct a runtime efficiency analysis on an RTX PRO 6000 GPU.
As shown in Tab. [} Flow4R achieves comparable throughput while saving more
than 50% VRAM compared to the most competitive baseline, St4RTrack.

5 Conclusion

We presented Flow4R, a unified framework that establishes relative scene flow
as the central representation linking 3D geometry, camera ego-motion, and dy-
namic object motion. By predicting a compact, coordinate-invariant property
set—comprising 3D point positions, scene flow, pose weights, and confidence
maps—Flow4R avoids separate pose regression heads or global bundle adjust-
ment. Our joint training strategy successfully leverages both static and dynamic
datasets, enabling self-supervised segmentation of static reference regions for
robust pose estimation. We hope this flow-centric paradigm inspires further re-
search towards holistic 4D perception, where reconstruction, tracking, and scene
understanding emerge from a single coherent motion field.

Limitations. Despite its performance, Flow4R has several limitations that point
to promising future directions. First, the performance of the model remains con-
strained by the limited availability of high-quality, real-world 3D scene flow data
compared to static depth data. Second, our current formulation operates under
a pairwise, two-view setup; extending the architecture to leverage multi-view at-
tention mechanisms (e.g., as in VGGT [51]) could enhance temporal consistency
and reconstructive fidelity. Finally, optimizing the framework for real-time online
tracking under strict memory and computational budgets remains an important
open challenge.
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