Dynamic Point Maps: A Versatile Representation for Dynamic 3D Reconstruction
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Figure 1. We introduce the concept of Dynamic Point Maps (DPM). Differently from previous extension of point maps to dynamics, DPMs
are time invariant in addition to be viewpoint invariant. Because of this, by predicting DPMs from a pair of images in a feed-forward manner
we can easily solve key 3D tasks, such as recovering the camera parameters and reconstructing shape, as well 4D ones, such as estimating

scene flow and 3D object tracking.

Abstract

DUS?3R has recently demonstrated that many tasks in multi-
view geometry, including estimating camera intrinsics and
extrinsics, reconstructing 3D scenes, and establishing im-
age correspondences, can be reduced to predicting a pair
of viewpoint-invariant point maps, i.e., pixel-aligned point
clouds defined in a common reference frame. While this
formulation is elegant and powerful, it is limited to static
scenes. To overcome this limitation, we introduce the con-
cept of Dynamic Point Maps (DPM), which extends stan-
dard point maps to support 4D tasks such as motion seg-
mentation, scene flow estimation, 3D object tracking, and
2D correspondence. Our key insight is that, when time
is introduced, several possible spatial and temporal ref-
erences can be used to define the point maps. We iden-
tify a minimal subset of these combinations that can be
regressed by a network to solve the aforementioned tasks.

We train a DPM predictor on a mixture of synthetic and real
data and evaluate it across diverse benchmarks, including
video depth prediction, dynamic point cloud reconstruction,
3D scene flow, and object pose tracking, achieving state-
of-the-art performance. Additional results are available
at https://www.robots.ox.ac.uk/vgg/research/dynamic-point-
maps/.

1. Introduction

The impact of machine learning on 3D computer vision has
been growing steadily. For instance, DUSt3R [69], a recent
breakthrough, proposed learning a neural network that, given
two images of a scene, maps each pixel to its corresponding
3D point, expressed in a shared 3D reference frame. Notably,
they showed that knowledge of these viewpoint-invariant
point maps enables solving a variety of core 3D tasks, such
as estimating camera intrinsics and extrinsics (by aligning
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Figure 2. We propose to extend DUSt3R to predict Dynamic Point Maps (DPM). Each image in the pair is mapped to two point maps that
correspond to the timestamps of the two images (pairs share the same colour in the figure). All points map are defined in the reference frame
of image I1, undoing the effect of viewpoint change. Scene flow and space-time correspondences can be inferred immediately.
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pixels to their 3D points along camera rays), monocular
depth estimation (by providing two identical copies of the
same image to the model), and 2D matching (by comparing
the reconstructed 3D points). However, a key limitation is
that their point maps cannot explain dynamic 3D content.

Dynamic scenes are ubiquitous in the real world, and
interpreting and reconstructing them in 3D is potentially one
of the most impactful applications of 3D computer vision,
but also one of the most challenging. Even state-of-the-art
methods for dynamic 3D reconstruction [31, 39, 50] still
rely on ad hoc designs, combining multiple learned modules,
including depth estimators, matchers, and segmenters, and
require expensive and fragile test-time optimization. This
motivates us to explore how the simple and elegant approach
of DUSt3R could be extended to dynamic data.

The key question we aim to answer in this paper is
whether and how the point maps representation can be used
to tackle dynamic 3D reconstruction tasks. The key to point
maps is their invariance to camera parameters, including
viewpoint. For static scenes, where only the camera changes,
viewpoint invariance suffices. However, in dynamic scenes,
the 3D points themselves change over time. While we can
still compute the point maps as defined in DUSt3R, the
outputs are no longer invariant because, even with a fixed
camera, the 3D points move.

For example, this approach was explored by the recent
MonST3R [80]. While they achieved outstanding results,
the technical limitations of their chosen representation are
evident. Specifically, due to the lack of invariance, they can-
not predict corresponding 3D points directly and must com-
bine their output with optical flow to do so. We argue that

t1 to
Figure 3. Left: Standard point maps applied to dynamic scenes as in MonST3R [80] fail to represent dynamics. The cylinder, which is
moving downwards, breaks invariance when the point maps are overlaid. Right: Our Dynamic Point Maps correctly represent dynamics by
also controlling time in addition to viewpoint. They allow to restore invariance while still representing the motion of the cylinder.

the ability to easily establish multi-view correspondences
is a fundamental strength of DUSt3R’s representation, and
preserving this capability is essential for any extension to
dynamic scenes.

In this paper, we introduce Dynamic Point Maps (DPM),
a new formulation that satisfies this requirement and extends
DUSIt3R to dynamic scenes (Fig. 2). The key insight of DPM
is that invariance in dynamic scenes requires fixing both the
camera viewpoint and the scene time. Consider a pair of
images of a scene, each associated with a specific viewpoint
and timestamp. For each image, we introduce a pair of point
maps (Fig. 3) that map each pixel to two versions of the
corresponding ‘physical’ 3D point: one corresponding to the
timestamp of the first image and the other to the timestamp of
the second image. As in DUSt3R, all 3D points are referred
to the reference frame of the first image.

We argue that this is the minimal design capable of tack-
ling 4D tasks in full generality. For static scenes, this ap-
proach directly generalizes DUSt3R, as the two dual point
maps are identical; it also generalizes MonST3R, as two of
the four dual point maps match theirs. Crucially, the dual
point maps encode both the scene motion and dynamic cor-
respondence, eliminating the need for additional processing,
such as optical flow, as required by MonST3R. Specifically,
because each physical point is reconstructed at both times-
tamps, we can directly infer scene flow and motion segmen-
tation and use this information to track the motion of rigid
objects. Furthermore, since physical points from different
cameras are available in the same spatio-temporal reference
frame—undoing the effects of viewpoint changes (by fixing
the viewpoint) and scene motion (by fixing time)—it be-



comes trivial to match them across views. This also enables
the fusion of point clouds despite motion in the scene.

We empirically demonstrate that the learned model can
successfully handle dynamic scenes, addressing the tasks
discussed above. In summary, our contributions are: (1)
Introducing the concept of Dynamic Point Maps, which ex-
tends point maps to dynamic scenes, enabling solutions to
various 3D and 4D reconstruction tasks; (2) Showing that
the DUSt3R model can be extended to output such dynamic
maps, fine-tuning it on a mixture of datasets while general-
izing well to real data; (3) Demonstrating the effectiveness
of the proposed method across multiple tasks, including
motion estimation, 4D reconstruction, and rigid object track-
ing. Overall, our results highlight the potential of DPMs as a
foundation for new designs of 3D models capable of tackling
dynamic scenes.

2. Related Work

Structure from Motion (SfM). Recovering the geome-
try of a static scene from a collection of images has been
a long-standing problem in computer vision [15, 19, 45].
COLMAP [46] is perhaps the most popular implementation
of the ‘classical’ pipelines based on keypoint detection, de-
scription, matching, and bundle adjustment [1, 16]. With
the advent of machine learning, many researchers have at-
tempted to use neural networks for SfM, often to improve
individual components like point matching [10, 12, 25, 34,
44,49, 58, 79], but also by experimenting with fully differ-
entiable SfM pipelines [53, 55, 60, 65, 70]. VGGSIM [66]
is perhaps the most successful example to date of a method
that improves bundle adjustment by learning data priors and
using them to address ambiguous situations, such as match-
ing texture-less regions. Of particular relevance to this paper
is DUSt3R [69], which introduces a unified representation
for jointly predicting camera motion and 3D geometry.

Non-rigid Structure from Motion (NR-SfM). When dy-
namic elements are present in the scene, the problem be-
comes significantly more challenging due to higher ambi-
guity and the inability to directly triangulate points. Early
works [6, 57] proposed assumptions under which the prob-
lem becomes meaningfully solvable. These assumptions
were further refined in follow-up works such as [2, 3, 11, 61].
Several researchers also explored dense dynamic reconstruc-
tion [30, 41, 43].

With the advent of neural radiance fields, several re-
searchers extended the classic NR-SfM problem to include
scene appearance reconstruction. Methods like DyniBar [33],
DCT-NeRF [63], NSFF [32], and Dynamic View Synthe-
sis [17] fit deformations between frames, whereas works
such as D-NeRF [40], NeRFlow [14], Nerfies [37], Space-
time NeRF [72], HyperNeRF [38], Deformable 3D Gaus-
sians [77], 4D GS [71], and [78] instead fit deformations of

each frame back to a shared canonical reconstruction. Shape
of Motion [67] models longer-term deformations by explic-
itly fitting individual 3D Gaussian tracks to entire videos.
All these methods require expensive test-time optimization.

Concurrently with our work, DUSt3R was recently ex-
tended by MonST3R [80], CUT3R [68], and Stereo4D [26]
to tackle dynamic content with very good results. However,
MonST3R and CUT3R do not explore the full formulation
design space, and their extensions only consider freezing
time, which cannot solve all the 4D tasks that our method
addresses. Stereo4D does consider dynamic flow but lacks
the concept of invariant point clouds and the exploration of
downstream tasks.

Optical Flow. Finding dense correspondences between im-
ages is usually cast as an optical flow prediction prob-
lem [5, 7-9, 20, 35]. Early optical flow methods that used
deep learning include Flow Fields [4], FlowNet [13, 22],
PWC-Net [51], and RAFT [54]. Some works [23, 42, 47]
consider multi-frame optical flow. Others [24] suggested that
the priors learned by neural networks are helpful for tracking
points behind occlusions. GMFlow [74] proposed treating
optical flow estimation as a global matching problem rather
than a local one. Transformer-based approaches, such as
FlowFormer [21, 48], have also been explored.

Scene Flow. The scene flow is a set of 3D correspondences
between scene points at two different times. Examples of
methods that can recover scene flow include RAFT-3D [56],
SpatialTracker [73], and SceneTracker [62]. Shape of Mo-
tion [67] also estimates scene flow as a byproduct. TAPVid-
3D [29] proposes a new benchmark to assess scene flow.

3. Method

We start by reviewing the concept of point maps as used in
DUSt3R in Sec. 3.1. We then introduce our new Dynamic
Point Maps representation in Sec. 3.2 and explain how we
extend DUSt3R to predict it. In Sec. 3.3, we describe how
we train our model and discuss the training datasets.

3.1. Point Maps

Let I be an image containing a scene we wish to reconstruct
in 3D. We cast this as the problem of predicting the corre-
sponding point map P, which associates each pixel u with
the corresponding scene point p = P(u) € R3, expressed
in the reference frame 7 of the camera. A point map is thus
similar to a depth map but contains strictly more information.
In fact, the point map can be recovered from the depth map
only if the intrinsic parameters of the camera (e.g., the focal
length) are given; conversely, knowledge of the point map
allows us to infer the camera intrinsics.

Next, consider two images I; and I taken by two cam-
eras with different viewpoints 7; and 75 and correspond-
ing point maps P; and P,. DUSt3R recently proposed a



model where both point maps are expressed in the same
reference frame as the first image. We make this explicit
by writing P; (m) and P(m), so that P;(m;) means that
the point map is extracted from image ¢ and expressed in
the reference frame of camera j. This simple change has
profound consequences, as it means that the point maps
are viewpoint invariant. This implies that, if u; and us
are two pixels corresponding to the same 3D point, then
Py(m)(ur) = Pa(m1)(uz).

As DUSt3R noted, this invariance is sufficient to solve
a number of core 3D tasks, such as estimating the camera
extrinsics (i.e., the relative camera motion), establishing
point correspondences between images, aligning and fusing
point clouds, and so on. It also allows us to infer the camera
intrinsics and depth. Their idea, then, is to learn a neural
network & that predicts the point maps from the two images,
as (Py(m), Po(m1)) = ®(I1,1I3). The fact that the point
maps are viewpoint invariant simplifies the network’s task,
making it more similar to a labeling problem.

The most significant limitation of the DUSt3R model is
that it cannot handle dynamic scenes. We tackle this issue in
the next section.

3.2. Dynamic Point Maps

Consider two images I; and I, taken at two different times
t; and to. If we consider the point maps P; () and P (71)
defined in Sec. 3.1, which is also the approach taken by [80],
we encounter a problem: the representation is no longer
invariant. While both point maps are defined with respect
to the same reference frame 71, the 3D points themselves
move over time, so in general, P; (71)(u1) # Pa(m1)(u2).
This is why MonST3R relies on an additional image match-
ing network to establish correspondences (w1, u2) between
pixels, which is necessary for estimating scene motion and
other tasks.

We can restore invariance by controlling not only for
viewpoint but also for time, estimating point maps P; (¢1, 71 )
and P5(tq,m). With this notation, we mean that the 3D
points in both point maps are referred to the same reference
frame 7; and time t; as the first camera, effectively undoing
both viewpoint change and scene motion. In this way, we
can re-establish the invariance property Py (t1,71)(u1) =
Py (ty,71)(usz). However, by undoing scene motion, we lose
the ability to estimate it, which is key for motion analysis.

Our solution is to introduce the concept of Dynamic Point
Maps (DPM). This involves predicting, for each image, a
pair of point maps, expressing the points at two timestamps
t1 and to. With our notation, image [ is associated with the
pair of point maps P; (t1,71) and Py (t2, 71 ), and image I
with point maps P (t1,71) and Pa(to, 7).

Note that all point maps are expressed in the same ref-
erence frame 7; of the first camera.! Pairs with the same

I'The problem is symmetric, so we can obtain all quantities referred to

argument share the same spatio-temporal reference frame
and are thus invariant.” For example, we can establish
correspondences between the two images by matching the
3D points in P;(t1,71) and Pa(t1, 7). At the same time,
we can recover scene flow simply by taking the difference
Pl(tg, 7T1) - Pl(th’frl).

Just as DUSt3R is a powerful representation for static
scenes, DPM is a powerful representation for dynamic ones.
In addition to subsuming all tasks that can be addressed
in the static case (e.g., estimation of camera intrinsics and
extrinsics, 3D reconstruction, etc.), it can also solve a number
of tasks specific to 4D reconstruction, such as deformation-
invariant matching and scene flow estimation, and assist with
others, such as estimating rigid body motion. In Appendix A,
we show some of these reductions more formally. Most
importantly, as we show in the next section, we can equip
DUSt3R with DPM relatively easily.
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Figure 4. Motion segmentation: from a pair of images using the
dynamic point cloud predicted by the network we can segment out
the dynamic elements of the scene, despite the camera motion.

Dynamic DUSt3R. Recall that DUSt3R learns a network
® that maps images /; and I, to a pair of point maps. Here,
we extend this network to simply output six instead of three
channels per image by adding suitable heads, so that each
image is mapped to two maps. This can also be seen as a
function

{Pi(tj,m)}ijeqr,oy = @11, I2). e8]

Hence, four point maps are estimated in total, two for each
image ¢ = 1,2 and time j = 1, 2. Note that all point maps
are referred to the reference frame 7, of the first camera.” By
predicting such a DPM, this network is sufficient to solve a
number of 4D tasks, as we have discussed above and further
in Appendix A.

3.3. Training Formulation

To supervise the model ®, we require video se-
quences with corresponding dynamic point maps;

the second camera by simply swapping the inputs to the network.
21‘(3., P (tl, 7T1)(U1) = Pg(tl s ﬁl)(ug) and P; (tQ, 7T1)(U1) =
Py (t2,m1)(u2) for all pairs of corresponding pixels (w1, uz).
3Switching to the second camera is trivial, as we can simply swap the
inputs to the network, and recovers four more point maps, for a total of
eight possible combinations.



namely, the training data D is a collection of tuples
(Il, IQ,Pl(tl,ﬂ'l), Pl(tg,ﬂ'l), P2<t1,7T1),P2(t2, 7T1)). To
obtain such examples, we use a mixture of synthetic and real
data providing various degrees of supervision. Synthetic
data has already been shown to be very effective for a
number of low-level computer vision tasks, such as optical
flow [13], tracking [27], and depth prediction [76]. With
synthetic data, we have perfect knowledge of the underlying
scene geometry, including its deformation due to the
dynamic parts of the scene. With this, we can determine
for each pixel v in image I; which is the corresponding
3D point p(t1, 7). Because we know the camera motion,
we can then recover p(t1,m2). Because we know the
deformation of the scene, we can also recover p(to, 71) and
p(ta, o) for image Io.

Figure 5. Point correspondence: DPMs allow to recover corre-
spondences accounting both for dynamic objects as well as camera
motion even when challenging viewpoint changes.

Training Loss. We note that the scale of a 3D scene cannot
be determined uniquely from any number of views; therefore,
we relax the predictions to be determined up to a scaling
factor. In order to do so, let P € R**#W be a ground-truth
point cloud and let P be its predicted counterpart. We then
define per-pixel regression loss given by [69]

P, P,

AW p HW
7w 2o 1Pl 7w 5=t 1251

This makes sense because points are expressed in the refer-
ence frame of one of the cameras, so, for example, || P. ;| is
the distance of point P. ; with respect to the camera center.
The full loss follows the confidence-calibrated formulation
from [28, 36, 69]:

Lyeo(P, P,i) =

HW
R 1 L
Leont(P, P) = oW E CiLyeg(P, P,i) — alog C;. (2)
i=1

Recall that network ® predicts four separate point clouds.
For simplicity, we stack them into point clouds P and P and
minimize Leone( P, P). Again, this makes sense because all
point clouds are defined in the same reference frame ;.

Dataset Details. We train our model on a total of 7 datasets,
see the Appendix B.1. We use the Kubric data pipeline [18]

to generate a new synthetic dataset, which we call MOVi-G,
to train our model following the Multi-Object Video (MOVi)
dataset format but with more complex camera trajectories
through spline interpolation and randomized intrinsics. For
generating dynamic point cloud ground truth, we use GT
bounding box tracking and NOCS [64] coordinates to trans-
form points between different reference times and view-
points. We render 9,750 clips and sample 6 random pairs of
images from each clip for a total of 58,500 training samples.
We also add the Waymo dataset [52] where we compute
dynamic point maps from LiDAR data in a similar way, and
PointOdyssey which includes sparse ground-truth 3D tracks.
For the rest of the datasets, we either omit supervision for
cross-time reconstructions (Pa(t1, ) and Py (t2, 7)) or in
the case of fully static scenes—they represent the identical
geometry and therefore require no dynamic deformations.

Network Details. The model architecture is based on the
network design from DUSt3R (Fig. 2). For T' = 2, it shares
the same backbone but adds two additional heads ¢;; for
prediction, for a total of four regression outputs. Each output
comprises both a point map P;(t;, 1) and a confidence map
Ci(t;,m) € [0,1]#W similar to [69]. They are thus pre-
dicted as (Pi(tj, 71'1), Ci(tj, 7T1)) = (b”(F), 1,] € {1, 2},
where F' are the features computed by the transformer
encoder-decoder backbone. We initialize both heads as-
sociated with each point cloud with the single head from
DUSt3R, which should approximate at the start of training
the static reconstruction component of that image. We train
our network with (512, 288) and (512, 336) resolutions.

4. Evaluation

We evaluate DPM on several 3D and 4D reconstruction tasks.
In Sec. 4.1, we show that DPM is on par with the state-of-
the-art in depth estimation. Next, in Sec. 4.2, we shift our
focus to dynamic 3D reconstruction, our key novelty, and
show that here DPM is significantly better than alternatives.
Finally, in Sec. 4.3, we provide a qualitative analysis.

For a fair comparison on the dynamic reconstruction, we
fine-tune MonST3R using our custom Kubric dataset. The
results for original MonST3R are shown in the Appendix C.

4.1. Depth prediction

Two-view depth evaluation. Since DPM is a generalization
of DUSt3R, we first evaluate it on the task of stereo depth pre-
diction in Tab. 1. We consider several standard benchmarks
of dynamic scenes, including Bonn, Sintel, Point Odyssey,
Kubric, and KITTI (crop).* We report standard depth met-
rics: Absolute Relative Error (Abs Rel) and § < 1.25 ac-
curacy [75]. Stereo pairs are formed by choosing pairs of

4We use a cropped version of KITTI because the original images have
an extreme aspect ratio (512 x144).



Model Sintel Point Odyssey Bonn Kubric KITTI (crop)
Abs Rel 6 <1.25 Abs Rel 6 <1.25 Abs Rel 6 < 1.25 Abs Rel 6 <1.25 Abs Rel 6 < 1.25

MonST3R 0.347 57.3 0.065 95.3 0.071 94.1 0.166 77.9 0.069 94.5

DPM 0.296 59.2 0.056 96.1 0.075 92.7 0.078 95.0 0.052 96.8

Table 1. Depth Evaluation from 2-View Input: Comparison of MonST3R and DPM across Sintel, Point Odyssey, Bonn, Kubric, and
KITTI datasets. Our DPM model consistently yields lower absolute relative errors on challenging benchmarks—delivering an average
reduction of roughly 17.5% in absolute relative error.

Category Method Sintel Bonn KITTI KITTI (crop)
AbsRel] 0< 1251 AbsRel] d<1.2517 AbsRell §<1.257 AbsRel|l §<1.257

|-frame Marigold 0.532 51.5 0.091 93.1 0.149 79.6 — —
DepthAnythingV2 0.367 55.4 0.106 92.1 0.140 80.4 — —
NVDS 0.408 48.3 0.167 76.6 0.253 58.8 — —
Video depth ChronoDepth 0.687 48.6 0.100 91.1 0.167 75.9 — —
DepthCrafter 0.292 69.7 0.075 97.1 0.110 88.1 — —
Robust-CVD 0.703 47.8 — — — — — —
Joint D&P CasualSAM 0.387 54.7 0.169 73.7 0.246 62.2 — —
MonST3R 0.335 58.5 0.063 96.4 0.104 89.5 0.111 87.2
DPM 0.311 58.0 0.064 94.8 0.128 81.0 0.097 89.1

Table 2. Video Depth Evaluation: Performance Comparison between single-frame, video depth, and optimization-based models on Sintel,
Bonn, and KITTI datasets. Our approach demonstrates robust performance across all datasets.

Ly Object Pose Error Scene Flow Object Flow
Dataset Method P (t1) P2(t1) Pi(t2) P2(t2) RPE rot RPE trans Dataset Method Input Forward Backward Forward Backward

Kub.-F I(‘fOHSBR g-gﬂ 8-32; g- (l)ig gggg gg; g-ggg‘ MonST3RRGB ~ 0.113  0.088  0.111  0.084

o : . . : : : Kub.-F RAFT-3D RGBD 0.051  0.054 N/A  N/A

Kub.-G MonST3R 0.061 0.154 0.188 0.062 N/A Ours RGB 0.081 0.070 0.033 0.029
© 7 Ours 0.057 0.071 0.079 0.058

MonST3RRGB  0.171 0.177 0.175 0.151

Waymo MonST3R 0.197 10221 0.249 0.178 N/A Kub.-G RAFT-3D RGBD 4.067 4.084 N/A  N/A
Y0 Gurs 0.068 0.065 0.067 0.065

. . . : Ours RGB 0.104 0.106 0.059 0.050

Table 3. Dynamic reconstruction. We compare our method with MonST3RRGB 0182 0180  0.180  0.195

MonST3R [80]+RAFT [54] on two tasks: relative point cloud er- Waymo RAFT-3D RGBD 0'1 50 0’1 45 N /A N A

ror and object pose tracking. MonST3R struggles with predicting Ours RGB 0'051 0'051 0.030  0.032

motion whereas our method explicitly trained on this task consis-
tently performs better across datasets and metrics. Py (¢x) denotes
Py (t, m1) for brevity.

Figure 6. Camera tracking: the explicit modeling of a dynamic
point cloud allows to recover camera motion by directly aligning
point clouds with matching timestamp.

Table 4. 3D End-Point Error (EPE) for Scene Flow and Object
Flow: Despite relying solely on RGB input, our method performs
comparably to RAFT-3D [54], which utilizes ground truth depth
(D), in Kubric-F and surpasses it in Kubric-G and Waymo. For Ob-
ject Flow estimation, RAFT-3D is incapable of performing the task,
whereas our method achieves the best results across all datasets.

frames at random within a set margin. The results show that
DPM outperforms MonST3R on all datasets except Bonn.

Video depth evaluation. Next, in Tab. 2, we consider depth
prediction for longer video sequences. To fuse pairwise
predictions from our network, we use a bundle adjustment
strategy similar to that of MonST3R, but with a key modi-
fication: we remove the optical flow loss. This eliminates
the overhead associated with computing optical flow using
an additional model, resulting in a more efficient pipeline
while still delivering high-quality depth predictions. We eval-
uate this approach on Sintel, Bonn, and KITTI datasets and
show competitive performance with competitors including



Figure 7. Rigid object motion: 3D bounding box object tracking by masking and aligning the predicted dynamic point clouds.

MonST3R

Figure 8. Visualization of scene flow estimation results for
MonST3R (left) and our method (right). Red boxes highlight errors
in MonST3R’s predictions. Row 1: MonST3R exhibits unnatural
artifacts and incorrect flow estimation. Row 2: Incorrect flow di-
rection. Row 3: Poor handling of disocclusions due to MonST3R
using 2D optical flow for warping. Our method consistently pro-
duces more accurate scene flow predictions across all cases.

MonST3R.

4.2. Dynamic reconstruction

We evaluate our method on dynamic reconstruction using a
test set consisting of 250 held-out clips from our MOVi-G
dataset, as well as on the public Kubric MOVi-F dataset
and Waymo Open. These two variants of Kubric are fairly
different: MOVi-G has complex camera motion and a mix
of static and dynamic objects, whereas MOVi-F has simple
linear motion and also a mix of dynamic and static objects
with varying amounts of motion blur.

We primarily compare against MonST3R [80], which is
trained with dynamic content but only predicts two of our
four point maps (Fig. 3). To approximate the remaining point

maps, MonST3R needs to use the pixel associations given
by optical flow prediction, which is limited for pixels that
are visible in both images.

Dynamic Point Maps prediction. We first show that we can
predict our dynamic point maps well by using a fine-tuned
version of DUSE3R. To this end, let P, P € R3*XHW pe,
respectively, ground-truth and predicted maps. Furthermore,
let M C {1,..., HW} be a mask representing a subset of
image pixels. Before computing the loss, we normalize the
stacking P of point maps P; (t1,71) and Ps(ta, ) by the
median 2-norm of its valid points Zyeq = median({||P. ;||2 |
i € M}). We do the same for P. Then, the relative error is

1P, — P
|M|Z€ZM T2

Lea(P, P|M, s)

Table 3 report this metric for the four point map predic-
tions. Our method outperforms MonST3R both on synthetic
Kubric and real-world Waymo datasets. On the challeng-
ing Kubric-G dataset, the performance of MonST3R signifi-
cantly degrades when making cross-time predictions (Px(¢1)
and P (t2)), highlighting the effectiveness of our representa-
tion for dynamic reconstruction.

Scene Flow. DPM allows us to infer 3D point correspon-
dences, or dense scene flow. We assess this capability using
standard metrics, described in the Appendix B.2.

Table 4 presents the quantitative evaluation of 3D End-
Point Error (EPE), defined as the average Euclidean dis-
tance between predicted and ground-truth 3D displace-
ment vectors, for Scene Flow (overall 3D motion including
camera movement) and Object Flow (object-only motion
from a fixed viewpoint) Evaluations are conducted on the
Kubric-F, Kubric-G, and Waymo datasets for three methods:
MonST3R [80] and RAFT-3D [56], a scene flow method.

Notably, RAFT-3D leverages ground truth depth (RGBD
input), giving it an inherent advantage. Despite this, our
RGB-only method achieves comparable performance to
RAFT-3D on Kubric-F and surpasses it significantly on
Kubric-G and Waymo. We further observe that RAFT-3D,



being a specialized Scene Flow model, cannot perform Ob-
ject Flow estimation—a closely related task—which high-
lights the greater flexibility and broader applicability of our
method. Compared to MonST3R, on average, our approach
achieves a lower error across all datasets.

Figure 8 qualitatively demonstrates scene flow estimation,
highlighting errors by MonST3R with red boxes. Specifi-
cally, Row 1 shows ghosting artifacts and incorrect motion
predictions; Row 2 illustrates incorrect flow direction; and
Row 3 demonstrates MonST3R’s poor handling of disocclu-
sions due to reliance on 2D optical flow-based warping.

Object tracking. We measure the performance of track-
ing dynamic objects by estimating the relative pose trans-
formation between times ¢ty and ¢;. We estimate the rel-
ative rotation R and translation ¢ that align P;(¢1,71) to
Py (to, 1) using the Umeyama algorithm [59]. We ob-
tain the reference transformations R and { from ground
truth bounding boxes and compute the geodesic distance
dist(R, R) = arccos((tr(RTR) —1)/2) and the L, distance
between object center translations dist(t, ) = ||t — #||.

Table 3 shows that MonST3R fails to accurately predict
future object locations because it lacks training for cross-
time predictions and depends only on optical flow for cor-
respondences. While rotation errors remain high for both
methods during large object motions, our approach reduces
these errors by 40% compared to MonST3R.

Camera pose. We report in Table 5 pose evaluation results
in the TUM-dynamics dataset using the same optimisation
protocol as in MonST3R. We show improved performance
over MonST3R and comparable results to CasualSAM.

4.3. Qualitative results

We test DPM qualitatively on video clips recorded with a
consumer camera by running the network on image pairs
(see also the supplemental material). Figure | shows dy-
namic reconstructions for clips in which both an object and
the camera are moving. We observe that our method can
disentangle the two motions, particularly by removing the
camera motion. Figure 6 visualizes the recovered camera
poses and dynamic point cloud on a DAVIS sequence. We
also visualize the results of applying DPM to solve down-
stream tasks in other examples, such as motion segmentation
in Fig. 4 and point correspondence in Fig. 5.

Method ATE] RPEtrans| RPErot]|
Robust-CVD 0.189 0.071 3.681
CasualSAM 0.045 0.020 0.841
DUST3R w/ maskT ~ 0.127 0.062 3.099
MonST3R 0.074 0.019 0.905
DPM 0.056 0.014 0.836

Table 5. Comparison of pose metrics on TUM-dynamics.

5. Downstream Applications

We now illustrate the ability of DPMs to easily solve a va-
riety of 4D reconstruction tasks. We refer the reader to Ap-
pendix A.4 for formal derivations.

Firstly, we consider 4D reconstruction. The point maps
P;(t;,m ) provide a 3D reconstruction of each image I; in
a sequence where the viewpoint is fixed to ;. In this way,
we obtain a 4D ‘animation’ of the scene where the intrinsic
motion of the objects is isolated from the camera motion.
An example is shown in Fig. 6.

Secondly, we consider motion segmentation. Given two
(or more) images /; and I, we can simply compare point
maps P (t1,m) and Pj(t2,72) to determine which 3D
points from image I; have moved (independently of the
camera motion), and correspondingly with /5. By thresh-
olding the difference between the two sets of points, we can
segment motion, as shown in Fig. 4.

Thirdly, we consider point correspondence. A key prop-
erty of DPMs is their ability to restore invariance of the
point maps despite in-scene camera motion, which allows
matching them. Namely, given a pixel v; in image I, we
can describe it via the 3D point p; = P (t1,71)(uq). To
find the matching point in image /5, we compare p; to all
points p,(us) = Pj(t2, m2)(us) and take the pixel us that
minimizes the distance ||py(u2) — p; || as the match. An
example of this process is shown in Fig. 5.

Fourthly, we consider camera tracking. One way to re-
cover the camera motion while ignoring dynamic distractors
is to match point clouds P; (¢1, 71 ) and Py (¢1, 7o) using Pro-
crustes analysis, where the time ¢ is fixed, but the camera
m; varies. This effectively reduces the problem to standard
camera tracking in a static scene by undoing the passing of
time. An example is shown in Fig. 6.

Lastly, we consider object tracking. In this case, given
a mask M for the object of interest in image I, one can
simply observe points M @ P(t;, 1) to infer the motion of
the object independently of the camera motion. If the object
is rigid, it is straightforward to fit a rigid transformation to
these points. An example is shown in Fig. 7.

6. Conclusions

We have presented Dynamic Point Maps, a generalization
of point maps that, by incorporating both viewpoint and
time invariance, facilitates solving several challenging 4D
reconstruction tasks in a single neural network evaluation.
We show that this representation can help to developing more
powerful 3D/4D vision models. In particular, when used to
extend DUSt3R, it consistently matches or surpasses state-
of-the-art in video depth estimation, dynamic point cloud
reconstruction, and scene flow estimation.

Acknowledgments. The authors of this work were sup-
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Dynamic Point Maps: A Versatile Representation for Dynamic 3D Reconstruction

Supplementary Material

A. Theory of Dynamic Point Maps

We discuss more formally how Dynamic Point Maps is de-
fined and how it can be used to solve various 4D reconstruc-
tion tasks.

A.1. Monocular point maps

We represent the image I as a 3 x [ W matrix by stacking the
spatial dimensions, where 3 is the number of color channels.
We assume that the image is taken by a pinhole camera.
Hence, a 3D point p = (x,9,2) € R? expressed in the
reference frame of this camera projects to the image pixel
u = (Ug, Uy, 1) such that

ul = Kp,

where K € R3*3 is the camera’s calibration matrix contain-
ing the camera’s intrinsic parameters, and A > 0 is the depth
of the point.

The point map P is the collection of 3D points corre-
sponding to each pixel, which we can write as a matrix
P € R¥>HW_ Denote by U € R3 the grid of pixels in
homogeneous coordinates (this matrix is fixed). Then we
can write

Udiag A = K P,

where A € REW contains the depth values.

For monocular prediction, we can task a neural net-
work & with mapping the image I to the corresponding
3D point cloud P, i.e., P = ®(I). This problem is related
to monocular depth estimation, in which a neural network
A = Bgepin (1) is tasked with associating pixels to depth val-
ues, but it provides more information. In fact, to reconstruct
the 3D points P from the depth A, we also require knowledge
of the camera intrinsics K, so that the 3D points can be re-
covered as P = KU diag(A) = K 'U diag(®aepn(1))-
Conversely, knowledge of the point map P allows us to infer
depth and intrinsics by solving the equation UA = KP =
K®(I) for A and K.

A.2. Binocular point maps (DUSt3R)

Next, we extend the case above to consider a pair of images
I, and I,. Each image is taken by a camera with differ-
ent intrinsics K} and K5 and, most importantly, different
viewpoints 1 and 7.

Let the symbols p(71) and p(m2) denote the coordinates
of a certain 3D point p expressed in the reference frames
of the first and second cameras, respectively. Following
DUSt3R, we task a neural network ® with predicting the pair

of point clouds (P (1), Py(m1)) from the pair of images
(Il,Ig)Z
(Pr(m1), P2(m1)) = (14, I2). 3)

As above, knowledge of Pj () allows us to recover the
intrinsics Ky of the first camera from

U1A1 = Klpl(ﬂ'l)-

K> can be recovered by calling the network a second time
with the two arguments swapped. More interestingly, how-
ever, the second point cloud P» (71 ) contains the 3D points
that correspond to the pixels of the second image I5, but still
expressed in the reference frame 7, of the first camera. This
means that the extrinsics K and the relative rigid motion
(R*,t*) € SE(3) from the second camera to the first can be
recovered from the analogous equation

U2A2 == KQ (R*)_l(PQ(']Tl) - t*)

Later, we will discuss an alternative method based on match-
ing point clouds.

The point maps also encode correspondences between
images I and I, as it is immediate to determine which 3D
points are the same by checking for equality of coordinates,
given that these are expressed in the same reference frame.
Specifically, to find out which pixel w; in image /; is the best
match for pixel u; in image I, one simply minimizes the
distance between the corresponding 3D points ||[P; (71)]. ; —
[P>(1)].,;1, which is meaningful as they are both expressed
in the same reference frame 7.

It is useful to express these correspondences using a ma-
trix notation. Hence, given two set of d-dimensional point
descriptors AXHW and BYXHW e define

C(A, B) = argmin |4 — BC|| 4)
C

where C' € {0, 1}HWXHW 5 a square binary matrix with
exactly one unitary entry along each row, i.e., C1 = 1.
Hence, the correspondence matrix from image /5 back to
image I is simply:

Cig = C(P1(71)7P2(772))'

A.3. Dynamic point maps

The arguments above break if physical points can move over
time and if the two shots I; and I5 are not taken simultane-
ously. In this case, a physical point p will not, in general, be
found at the same location in the two shots. Hence, compen-
sating for the camera viewpoint is insufficient to establish
correspondences.



Our solution is to parametrize points with respect to both
viewpoint and time. Images I; and I come with timestamps
t1 and t9, so the coordinates of a physical point p are a
function of both viewpoint and time, i.e., p(t;, 7;).

Given the two images, we have four possible combina-
tions of these reference parameters. Two, i.e., (t1,71) and
(t2,72), correspond to the viewpoint and timestamp of im-
ages I; and I, respectively. The other two, i.e., (t1,ms) and
(ta,71), correspond to swapping the viewpoint and times-
tamp between the two images.

Because there are two point clouds P, and P, the first
corresponding to the pixels in image /; and the second to
those in image I, and each is expressible in any of these
references, there are a total of eight different outputs. Since
the roles of images I; and I, are symmetric, it suffices to task
the network ® with predicting four quantities, with the other
four obtained by swapping the inputs. These four predictions
are:

(Pr(ty,m), Pi(te, 1), Pa(ty, m1), Pa(ta, m)) = ©(I1, I2).

(&)
Note that all these predictions refer the point clouds to the ref-
erence frame 7, of the first camera. We obtain the four com-
plementary predictions for 7o by swapping the network’s
inputs.

Special cases. If the images are taken at the same time,
then ¢, = to, the predictions Py (t1,m1) = Pi(t2,71) and
Py (ty,m1) = Ps(te, m ) collapse, and model Eq. (5) reduces
to Eq. (3) explored by DUSt3R. Furthermore, if m; =
as well, then this model reduces to monocular point predic-
tion which, as we have seen above, is related to but more
informative than depth prediction.

A .4. Using DPM to solve 3D and 4D tasks

In this section, we show how the output of the network ®
can be used to solve a number of basic 3D and 4D problems.

Recovering the camera intrinsics and extrinsics. The
camera intrinsics K; can be recovered immediately from
equation Uy Ay = K1 P;(t1, 7). The camera extrinsics Ko
and the relative rigid motion (R*,t*) € SE(3) from the sec-
ond camera to the first can be recovered from the analogous
equation UsAy = Ko (R*) "1 (Py(t1,m1) — t*). These are
the same equations for static point maps, which is possible
because we are fixing the time to ¢;.

Performing motion segmentation. To tell whether pixel u;
in image I; corresponds to a physical points that moves with
respect to the camera, we can simply check if its coordinates
[Pi(t1,m1)].,; and [Py (t2, 7). ; differ or not (see Fig. 4).
We introduce the following compact notation: given point de-
scriptors A, B € R>*HW we define the mask M (A, B) €
{0, 1}V as the vector [M (A, B)]; = x(||A.i—B. ;|| > e),
where € > 0 is a threshold. Then, the motion masks in im-

Dataset Motion?| Py (t1, 1) Pa(t1,m1) Pi(te, m1) Pa(t2, m1)

@ Kubric Yes v v
Waymo Yes v v
PointOdyssey ~ Yes v v

(b) Spring Yes ‘ — — v
ScanNet++ No v v v v

(¢) BlendedMVS No v v v v
MegaDepth No v v v v

Table 6. Training datasets fall into 3 groups. (a) Kubric, Waymo,
and PointOdyssey contain dynamic scenes and provide annotations
for all 4 point maps. (b) Spring only supervises same-time point
maps. (c) Finally, ScanNet++, BlendedMVS and MegaDepth con-
tain static scenes.

ages I; and I are:

My = M(Py(t1,m1), Pi(t2,m1)),
My = M(Ps(t1,m1), Pa(t2, m1)).

Obtaining point correspondences. Using Eq. (4), we
can map each pixel in image Is to the corresponding
pixel image I; via the correspondence matrix: Cia =
C(Pi(t1,m1), Pa(t1,m)). Note that this also works for dy-
namic points because the network registers both viewpoint
and timestamp, see Fig. 5.

Reconstructing the camera motion. The relative rigid mo-
tion (R*,t*) € SE(3) from the second camera to the first
can be recovered from the matching points as

argmin ||(Py (1, m1)Cia—RPs(t1, m2)—t) diag(Mo)]|,

Rt

where the subtraction by ¢ is broadcast to all points and
My =1 — M5 masks out dynamic pixels, see Figure 6.

Reconstructing rigid object motion. If M is the mask
of a certain object in image I, then its rigid motion with
respect to the reference frame (¢1,71) can be recovered as
(see Figure 7):

argmin || (P (t2, m1) — RPy(t1,71) — t) diag(M)||.

)

B. Experimental details

B.1. Dataset categories

The different datasets used for training and their type of
supervision signal, is shown in Table 6.

B.2. Scene and object flow metrics

Scene Flow and Object Flow are defined based on the 3D

displacement of points in a scene, with and without camera

motion.

* Scene Flow (SF) captures the full 3D motion of points,
incorporating both object and camera movement:



- Forward Scene Flow (SF-F): P, (t2,m2) — Py (t1,m)
describing how points at t; move to ¢, under a poten-
tially moving camera.

— Backward Scene Flow (SF-B): Py (t1,71) — Pa(t2, 72)
mapping how points at ¢5 correspond back to ¢;.

* Object Flow (OF) isolates object motion by assuming a
fixed camera:

- Forward Object Flow (OF-F): Py (t3,m) — Py (t1, 1)
capturing how points move between frames when
viewed from the same camera pose.

- Backward Object Flow (OF-B): Py(tq,7m) —
Py(to, ) tracing the movement of points back in time
while keeping the viewpoint unchanged.

C. Original MonST3R

Table 3 and Table 4 with the the original MonST3R check-
point are shown in Table 7 and Table 8 respectively.

Lol Object Pose Error
Dataset Method P; (tl) P (tl) P (tQ) P> (tg) RPE rot RPE trans

MonST3R 0.209 0.275 0.394 0.201 56.1 0.504
Kub.-F

Ours 0.041 0.047 0.049 0.035 337  0.053
MonST3R 0.163 0.265 0.346 0.178
Kub-G (1 0.057 0.071 0.079 0.058 N/A
W MonST3R 0.197 0.221 0.249 0.178 WA
MO ours 0.068 0.065 0.067 0.065 :
Table 7. Dynamic reconstruction.
Scene Flow Object Flow

Dataset Method Input Forward Backward Forward Backward

MonST3RRGB 0321  0.241 0334  0.215
Kub.-F RAFT-3D RGBD 0.051  0.054 N/A N/A
Ours RGB  0.081 0.071 0.033  0.029

MonST3RRGB 0334 0.279 0310  0.265
Kub.-G RAFT-3D RGBD 4.067 4.084 N/A N/A
Ours RGB 0.104 0.106 0.059 0.050

MonST3RRGB  0.161  0.135 0.108  0.102
Waymo RAFT-3D RGBD 0.150  0.145 N/A N/A
Ours RGB 0.051 0.053 0.020 0.020

Table 8. 3D End-Point Error (EPE) for Scene Flow and Object
Flow.
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