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Overview of Point4Cast. Given a stream of input frames (top), our approach reconstructs and forecasts corresponding point

maps over time (bottom). Overlaid point maps are shown for different queried time instants from past, present, and future.

Abstract

Understanding how the 3D world evolves over time is a
fundamental task in computer vision, essential for embod-
ied settings, autonomous driving, etc. It requires not only
the reconstruction of the observed scene but also the antic-
ipation of how the scene dynamics will unfold in the future.
While the area of 3D reconstruction has progressed rapidly
with the advent of recent feed-forward neural networks,
forecasting future dynamics in 3D, given the 2D frames
of a video remains unexplored. We present PointdCast, a
unified framework that processes streaming 2D frame se-
quences of a video to estimate the past, present, and fu-
ture of the underlying dynamic scene, in 3D. At the core
of our approach lies a persistently evolving latent space-
time representation that models the environment’s evolu-
tion across time. Upon receiving a new 2D frame, an up-
date operation integrates the incoming evidence to refine
the latent spacetime representation. When queried for any
time instant, whether before, at, or beyond the timestamp
of the last update, a readout procedure predicts temporally
conditioned point maps and camera parameters describing
the scene geometry at the queried time. Unlike prior ap-
proaches for online dynamic scene reconstruction that esti-
mate each frame’s point map solely at the timestamp of the
last observed frame, PointdCast achieves coherent recon-

struction across any queried time. Empirical evaluations
show that Point4Cast achieves state-of-the-art performance
on streaming dynamic scene reconstruction and forecasting
benchmarks, across multiple challenging datasets, while
providing scene flow estimation and forecasting without the
need for any additional inference or training. Project page:
https://merl.com/research/highlights/pointdcast.

1. Introduction

The ability to model the evolution of the 3D world over time
is a fundamental capability for several tasks in the realm of
robotics, embodied intelligence, augmented/virtual reality
(AR/VR), etc. Importantly, the ability to forecast the dy-
namics of this 3D world into the future is critical in order
to avoid untoward outcomes. For instance, an agent (such
as an autonomous vehicle) operating in a dynamic environ-
ment might not only need to reconstruct the scene’s geom-
etry and dynamics from a given set of image observations
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but might also need to anticipate how its environment will
change in the near future and adapt accordingly (such as
whether a pedestrian might come in the way of the vehicle).

Classical geometry-based methods for 3D reconstruction
such as Structure-from-Motion (SfM) [32, 63] and Simulta-
neous Localization and Mapping (SLAM) [15, 19, 58, 68]
rebuild scenes independently for each video but often strug-
gle in dynamic settings where both the camera and the ob-
jects in the scene move simultaneously. Neural approaches
for 3D scene representations, including NeRFs [56] and
Gaussian Splatting [37], have advanced the fidelity of re-
construction, yet they typically rely on known camera pa-
rameters and process entire scenes offline. Recent offline
feed-forward methods for point map reconstruction [73, 75,
85], including those tailored for dynamic scenes [44, 46, 93]
have enabled per-frame 3D reconstruction directly from im-
ages, leveraging data-driven priors for the task. Streaming
variants to these feed-forward approaches [72, 74, 96] mark
another significant advancement in the field. However, the
aforementioned approaches remain limited to reconstruct-
ing instantaneous scene geometry, as point maps, without
the capability to forecast how the scene evolves.

To bridge this gap, we introduce Point4Cast, a unified
framework for streaming 3D scene reconstruction and the
novel task of point map forecasting (see Fig. 1). At the
core of Point4Cast, lies a persistently evolving spacetime
representation that is trained to model the environment’s
structure and dynamics across the past, present, and antic-
ipated future. As new frames arrive, an update operation
integrates incoming observations into this latent representa-
tion, progressively constructing a consistent representation
of the scene over time. When queried with an image and
any time instant, Point4Cast performs a readout operation,
yielding the scene geometry and camera parameters at the
queried time. This design enables temporally coherent re-
construction across the observed time span and plausible
forecasting of future scene geometry, unifying the tasks of
3D reconstruction and forecasting into a single framework.
Moreover, Point4Cast’s estimates of the reconstructed point
maps over different time steps are aligned to the same co-
ordinate system, allowing for establishing motion tracks of
specific points without the need for any additional inference
or training.

We evaluate Point4Cast on multiple, challenging bench-
marks including PointOdyssey [94] and TAPVid-3D [38],
demonstrating superior performance on reconstruction and
the newly introduced 3D point map forecasting task, over
both offline feed-forward and streaming baselines. The
model generalizes across architectures and datasets, mark-
ing a prominent step toward continuous 3D perception for
dynamic environments. Additionally, we obtain scene flow
across the 3D point maps, over time steps, without any ad-
ditional training or inference.

The main contributions of our work are as follows:

* We study the novel task of 3D point map forecasting from
a sequence of streaming video frames, unlike existing ap-
proaches which exclusively focus on the task of 3D point
map reconstruction from images.

* We introduce Point4Cast, a unified architecture that in-
tegrates reconstruction and forecasting through a persis-
tently evolving spacetime representation and temporally
conditioned decoding.

» Furthermore, our approach provides scene flow estimates
between the point maps over different time steps, without
any additional training or inference.

* We achieve state-of-the-art performance on challenging,
dynamic scene benchmarks, demonstrating coherent re-
construction while also achieving plausible forecasting,
and scene flow estimates.

2. Related Work

Visual Forecasting. Within computer vision, significant
progress has been made towards forecasting 2D image
frames of a video. This task, formally called video frame
prediction, entails forecasting the frames of a video given
an initial set of frames. Video frame prediction has matured
into two broad groups of approaches. (i) The first set of ap-
proaches takes a sequence prediction perspective to this task
and uses network architectures designed to capture temporal
dependencies, such as Recurrent Neural Networks (RNNs)
[5-7, 65, 76, 77] or Transformers [27, 30, 33, 67, 90] as a
key component of the prediction network. Some of these
methods adopt a deterministic approach and generate one
prediction for every input video [65, 76], while others ex-
plicitly model the stochasticity of the process and generate
the output by sampling from a learned distribution [8, 16].
(ii) The second set of methods adopt a motion forecasting
lens and seek to avoid synthesizing/forecasting the whole
frame, thereby circumventing the need to generate the re-
dundant/static regions of the frames. While our approach
also takes a given set of 2D frames as input, different from
video prediction approaches, we forecast the future time
steps as 3D attributes rather than as 2D frames.

Also related to our work is the task of scene-flow fore-
casting, in which the goal is to forecast the trajectory of
3D point clouds [70, 88]. These approaches take a set of
3D points in a point cloud and extrapolate them over time.
While promising, these approaches, usually start with an in-
put point cloud which is often sparse, often corresponding
only to distinct keypoints in the scene. On the other hand,
our approach can estimate flows between a dense set of 3D
point clouds or track a particular 3D point of choice, with-
out any additional training or inference, starting with a set
of 2D frames.

Per-scene 3D Reconstruction. Classical approaches for
3D scene reconstruction usually operate on a per-scene ba-
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sis, starting from scratch for each new scene. These include
approaches based on Structure from Motion (SfM) [32, 63]
and Simultaneous Localization and Mapping (SLAM) [15,
19, 58, 68]. These methods, however, do not usually
deal with dynamic scenes which is the key focus of our
work. Neural Radiance Fields (NeRF) [56] present an im-
plicit approach for 3D scene representation by using mul-
tilayer perceptrons (MLPs) for novel view synthesis [1—
3, 29, 48, 49, 71, 80, 82]. Subsequent works replace the
deep MLPs in NeRFs with a feature voxel grid in order to
improve training and inference speeds [9, 22, 57, 66]. Re-
cently explicit scene representation methods, such as 3D
Gaussian Splatting (3DGS), have gained traction. These
approaches use a large set of Gaussians to represent a 3D
scene in order to drive gains primarily in the training and
inference times [36, 79].

Extensions of the aforementioned approaches to dy-
namic scenes is a more recent topic of interest, including
those based on SLAM [14, 78], NeRFs [13, 26, 34, 47, 50,
52, 62, 84, 91], or 3DGS [55, 79, 86, 87]. In the context
of dynamic scenes, SLAM-based approaches often filter out
the dynamic objects in the scene and use the static regions to
establish correspondence across frames [95]. NeRF-based
approaches either directly condition the radiance field on
time [24, 41, 42, 83], learn a deformation field to map co-
ordinates from different time stamps to a common canon-
ical space [18, 20, 61, 92], or represent the scene us-
ing a space-time grid [4, 23, 50, 64]. Similarly, Gaus-
sian Splatting-based approaches too either adopt a time-
conditioning based approach [89], learn a motion-field on
3D Gaussians [43], or learn representations for 4D Gaus-
sians [79]. Different from these techniques, ours is a feed-
forward model that leverages data-driven priors learned
across several scenes to enable dense 3D reconstruction di-
rectly from the frames of a video, without any knowledge
of camera parameters.

Feed-forward 3D Reconstruction. Feed-forward 3D re-
construction models represent a paradigm shift in the area of
3D reconstruction. These approaches seek to harness data-
driven priors learned across a wide-variety of scenes for
3D reconstruction without the knowledge of camera poses.
The pioneering work of DUSt3R [75] takes two input im-
ages (two views of a scene) and predicts two point maps
(per-pixel 3D point clouds) which are in the same coordi-
nate frame. Extensions to DUSt3R, such as MASt3R [40]
have sought to make these approaches more robust. How-
ever, these approaches are capable of handling only two in-
put images at a time, which presents a serious limitation
for dynamic scenes where a set of video frames need to
be processed. FASt3R [85] extends this framework to the
P-view setting (P > 2), capable of processing a set of
variable number of input views, equipped with Transform-
ers powered by Flash-Attention and parallel view fusion.

VGGT [73] trains their model on an even larger set of data,
including on dynamic scenes, achieving relatively encour-
aging results across a wide-variety of scenes. Despite their
progress, these methods do not explicitly model scene mo-
tion which prevents them from effectively modeling com-
plex dynamic scenes.

More recently, some approaches [11, 31, 51, 54, 93]
have extended learned 3D reconstruction approaches to
deal specifically with dynamic scenes, using cues such as
monocular depth or optical flow, to drive a separation be-
tween the static and dynamic aspects of the scene, for im-
proved modeling. Other approaches [21, 35, 44, 46] hinge
on dense video correspondence for supervision in order to
achieve robustness across a wide variety of dynamic scenes.
However, these methods are not capable of forecasting how
the 3D scene evolves in the future, in contrast to our method.
Streaming Feed-forward 3D Reconstruction. In sev-
eral real-world application settings, such as driving, aug-
mented/virtual reality (AR/VR), efc. approaches that can
deal with a set of streaming frames are of crucial import.
Recently, the community has focused its attention towards
this end, with (persistent) memory-centric approaches, such
as Cut3R, Point3R, Spann3R, StreamingVGGT [72, 74, 81,
96]. Some others have proposed causal-transformer de-
signs [39, 45, 96] to better tackle streaming frames. In con-
current work, TTT3R [12] proposes to leverage test-time
adaptation towards addressing this task. Unlike these ap-
proaches, our method can also predict 3D pointmaps of the
scene for unseen future timesteps.

3. Proposed Approach

Our method operates on a continuous stream of images from
a monocular video, each image denoted by I;, € RH*Wx3;
I}, represents a 2D perspective of the dynamic 3D scene at
time step k. Assuming k frames are observed, given an ar-
bitrary query frame I;;1 < ¢ < k, and a query time ¢,
our goal is to estimate the 3D point map Xl(lt) € REXWX3,
corresponding to the pixels in frame I, at the query time ¢,
and the camera parameters g, € RY (parameterizing the in-
trinsics and extrinsics) corresponding to the frame I,. The
query frame I, can correspond to any of the observed in-
puts, i.e., ¢ € {1,...,k}. The query time ¢ is unconstrained
and may represent a moment in the past, present, or future,
ie,1<tsq.

3.1. Point4Cast Overview

In order to handle streaming inputs and capture the temporal
evolution of the scene, our system maintains a latent, per-
sistently evolving spacetime representation wj, € RNVN*C,
consisting of N learnable tokens with C-dimensional chan-
nels, where 0 < k < T denotes the number of observed
frames. This latent representation captures the 3D scene’s
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Figure 2. An overview of Point4Cast, showing the details of the Update and Readout operations alongwith the trainable modules.

evolution across the past, present, and anticipated future
time steps, having observed k streaming input images.

At the outset, before any image observations appear, we
randomly initialize this latent spacetime representation to
be wy. When the system receives the k-th input image [,
the representation is updated from its previous state wy_1
to wy, by integrating information from the newly observed
frame. This can be represented as:

D

Given a latent spacetime representation, wy, based on
observing the sequence of k£ images, one can specify an ar-
bitrary frame I,,¢ < k and a time instant ¢,1 < ¢ < T, as
a query to the model, in order to estimate the corresponding
point map on the fly. This process can be formally repre-
sented as:

wy, = Update(wy_1, It).

X" = Readout(wy, I, 1), @

where Xét) denotes the predicted point map representing
the geometry of the dynamic 3D scene at the query frame
1, and at the queried time ¢.

3.2. Spacetime Representation Update and Readout

To effectively integrate new observations and infer scene
geometry over time, both the Update and Readout opera-
tions are implemented using transformers with interleaved
self-attention and cross-attention layers, enabling bidirec-
tional information exchange between the latent representa-
tion and image features.

Update. The update process incorporates each new obser-
vation into the latent representation, as represented in Equa-
tion 1. This operation is implemented as follows. First, an
image encoder [17] extracts visual features from the incom-
ing frame Ij:

fi = Encoder(I;,) € RM*¢, 3)

where f;, consists of M image tokens. These features are
then fused with the previous state of the spacetime repre-
sentation wi,_1 using a transformer, as follows:

RNXC

“4)

wj, = UpdateTransformer(wy_1, ;) €

The UpdateTransformer employs interleaved self-attention
and cross-attention between fj, and wy_1, enabling bidi-
rectional information exchange between the new visual ev-
idence and the existing latent state. This iterative process
refines the latent representation to reflect the updated un-
derstanding of the scene after each incoming frame, .
Readout. The readout process generates the point map cor-
responding to a queried image I,,q < k and a time ¢, ei-
ther from the past, present, or anticipated future, as shown
in Equation 2. This operation proceeds as follows. First,
the latent representation wy, is modulated by the query time
through a time-conditioning operation:

s!) = TimeCondition(wy, t) € RV*C,

®)

The TimeCondition operation modulates the latent represen-
tation with a learned embedding of the query time ¢ through
conditional normalization:

= Embed(t)7 Y= W’yetv ﬁ = Wﬁetv s 5 € Rcv
s®fi,:] =7 o W’“[Z’;]'_’“ +8,  Vie{l,...,N}
(6)

where Embed(-) captures a learned D—dimensional em-
bedding for the query time ¢, W,, W5 € RE*D,
w; (batch mean), o; (batch standard deviation) € RC. This
FiLM-style modulation [60] enables the latent representa-
tion to adapt its internal state to the temporal context spec-
ified by the query time ¢, allowing it to represent the scene
configuration either at observed or future time steps. Next,
the image encoder extracts visual features from the query
frame, I,:

f, = Encoder(I,) € RV*C, (7

A learnable pose token z € R is appended to the image
tokens of I, and a transformer is used to fuse the appended
tokens f,, z, with the latent representation at the query time
t, s(V) as follows:

Ygt), z,, = ReadoutTransformer(f,, z, s®),

®)
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where Yét) denotes the temporally conditioned tokens to be
used for 3D point map estimation, and zfl aggregates image-
level information from the query image, I, to be used to
decode the camera parameters. A prediction head then gen-
erates the 3D point map corresponding to the query frame
at the specified time:

X" = Headmap(Y(), )

q

representing the estimated 3D scene geometry correspond-
ing to I, at time ?.

Camera Parameters. A camera head estimates the camera
parameters (pose and intrinsics) from the aggregated token:

g, = Headcam(z;). (10)

Scene Flow. Since our approach predicts temporally condi-
tioned 3D point maps X((It) across time, scene flow between
consecutive frames can be directly derived from its outputs.
Given two successive time instants ¢ and ¢ + 1, the 3D mo-
tion of each point is computed as:

Ut X0+ K0, (1

representing the per-point displacement field between ad-
jacent frames. This formulation yields dense, geometry-
consistent motion estimation as a natural byproduct of the
model’s inference scheme, without requiring any explicit
scene-flow head or additional supervision.

3.3. Online Training Paradigm

We train Point4Cast in an online streaming fashion that
mirrors its inference behavior. Given a video sequence
V ={] k}gzl’ with a total of 7" frames, at each step, the
incoming frame I} updates the latent spacetime representa-
tion via the Update module, yielding an updated state wy.
After each update, the model is queried at each frame ¢ < k
and all time instants ¢ within the range 1 < ¢t < T, to pre-
dict 3D point maps: X((It) = Readout(wy, I, t) and camera
parameters g, = Headcam(z;). The predictions are super-
vised using ground-truth point maps Xf;’) and ground-truth
camera parameters g, with an ¢; loss:

LP = 1XP = XP 1+ AcamlI€q — all1s Acam > 0.

This online training scheme encourages the model to de-
velop a temporally coherent, continuously evolving scene
representation that generalizes naturally to a set of stream-
ing input frames. The overall training procedure, for each
video in the training set, is summarized in Algorithm 1.

4. Experiments

We evaluate Point4Cast on 3D point map reconstruction,
camera pose estimation, 3D point map forecasting, and

Algorithm 1 Training pseudocode for a single video in
Point4Cast

Input: A video V = {I}}}_,, ground truth 3D point maps
X = {X}_,, camera parameters g = {gy }1_,
Output: Loss for the video sample L.

1: Initialize latent state wj < W

22 L+0, n<0

3: fork=1toT do

4 W < Update(wk_l, Ik)

5 for g =1to k do > query images
6: fort =1to T do > query times
7
8
9

> streaming frames

Y, z, < Readout(wy, I, t)

th) + Headpap (Ygt))
g, <+ Headcum(z))

10: £ X = XN+ Aeam 1&g — 84lh
11 £<—£+£§t); n<n+1

12: end for

13: end for

14: end for

15: L < L/n > average over all frames, queries, and times

scene-flow estimation tasks on synthetic and real-world
benchmarks, and compare against recent open-source, state-
of-the-art baselines. Ablations, additional details, qualita-
tive results, and a code stub are provided in the supplemen-
tary material.

Implementation Details. We initialize Point4Cast using
strong pretrained components rather than training all mod-
ules from scratch. The image encoder is initialized from
the ViT backbone of VGGT [73], and the attention blocks
of both the UpdateTransformer and ReadoutTransformer
are initialized from VGGT’s Dense Prediction Transformer
(DPT) modules. The prediction heads, Head,,,, and
Head..y,, are similarly initialized from VGGT’s camera
head. The overall design remains modular, enabling alter-
native streaming backbones e.g., continuous 3D perception
models [74], which can be substituted without architectural
changes. N = 4096, while C = 1024. Both the Update
and Readout modules use transformer decoders of moderate
depth, while the map and camera heads use lighter-weight
decoders. Our implementation is based on PyTorch [59] and
trained with AdamW [53] using a fixed learning-rate sched-
ule and mini-batches distributed across eight NVIDIA A100
(80GB) GPUs.

Training Datasets. To equip Point4Cast with strong priors
for 3D reconstruction and forecasting, we train on a diverse
mixture of synthetic and real-world dynamic-scene datasets.
Starting from VGGT pre-trained weights [73], we finetune
all trainable modules of Point4Cast on a curated set consist-
ing of Kubric [28], PointOdyssey [94], Stereo4D [35], and
an additional synthetic dataset that we create by rendering
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Figure 3. Qualitative comparison of dynamic-scene reconstruction (shown in yellow/blue) and forecasting (shown in green). We
compare Point4Cast with MonST3R and VGGT on challenging human-type and driving scenes. Point4Cast produces more complete and
temporally consistent 3D point maps, with sharper geometry, fewer artifacts, and more reasonable future predictions.

in Blender using Mixamo' motion assets and BlenderKit’
scene elements. For datasets lacking ground-truth 3D point
clouds, we generate pseudo-depth supervision via oft-the-
shelf monocular video depth estimators [10].

Despite being substantially smaller than the large-scale
corpora used by recent feed-forward 3D reconstruction
models (e.g., VGGT), this mixture provides sufficient vari-
ability for strong generalization to unseen dynamic scenes.
We follow a simple curriculum: training first on con-
trolled, synthetic human and object motion data (Kubric,
PointOdyssey, Blender-rendered data), and then introduc-
ing more complex, real-world scenarios (Stereo4D). Full
dataset, training details, and statistics are provided in the
supplementary.

Thttps://www.mixamo.com/
Zhttps://www.blenderkit.com/

4.1. Experimental Setup

Datasets. For both reconstruction and forecasting, we
evaluate Point4Cast on two challenging benchmarks:
PointOdyssey [94], which consists of synthetic dynamic
scenes, and TapVid-3D [38], a real-world counterpart focus-
ing on long-term point tracking in cluttered scenes. Unless
otherwise stated, we follow the official data splits and pro-
tocols for each benchmark. Importantly, TapVid-3D is not
included in the training set of Point4Cast, so results on this
dataset correspond to a zero-shot evaluation setting. For
reconstruction, we estimate per-frame 3D point maps and
camera parameters over all evaluation time steps of each
video. For forecasting, we consider two horizons: one-step-
ahead prediction (“next frame”) and multi-step prediction
(“next 10 frames”), where metrics are computed on the pre-
dicted 3D point maps and averaged across time steps.
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Evaluation Metrics. Following prior work on feed-forward
3D reconstruction [73, 74], we report (i) Accuracy (Acc.)
and (i) Completion (Comp.), the two standard components
of the symmetric Chamfer Distance. Accuracy measures
how close each predicted point is to the nearest ground-truth
point, while Completion measures how close each ground
truth point is to the predicted points. For camera pose esti-
mation, we report (i) Relative Translation Error (RTE) and
(i1) Relative Rotation Error (RRE), after performing Sim(3)
alignment with ground truth [74]. For scene-flow estimation
and forecasting, we follow Liang ef al. [46], and report (i)
End-Point Error (EPE) and (ii) Accuracy (Acc.), computed
between consecutive 3D point maps.

Baselines. = We compare Point4Cast with the latest
open-source, state-of-the-art methods for 3D point map
reconstruction. Among offline approaches, we in-
clude MonST3R [93], designed for dynamic scenes, and
VGGT [73], a large-scale feed-forward baseline. Among
streaming approaches, we evaluate our approach against
CUT3R [74] and StreamingVGGT [96], which represent
the state-of-the-art in online 3D reconstruction.

For the task of 3D point map forecasting from 2D
frames, we build two forecasting variants of each baseline.
In the first variant, we forecast future RGB frames using a
recent open-source video generation model [25] and then
reconstruct each predicted frame using the baseline model.
We denote this setting as Frame generation. In the sec-
ond variant, we reconstruct the first forecasted frame in
3D using the baseline, and obtain subsequent predictions
by propagating the 3D point map forward using a scene-
flow continuation mechanism computed from the latest two
predicted point maps. We dub this setting as Scene-flow
cont.. In contrast, Point4Cast performs forecasting intrinsi-
cally through its time-conditioned readout mechanism, re-
quiring no external video generator, scene-flow propagation
module, or additional supervision.

4.2. Results

Reconstruction. Tables 1 and 2 show that Point4Cast
achieves consistent performance improvement over both
offline (MonST3R, VGGT) and online (CUT3R, Stream-
ingVGGT) baselines on PointOdyssey and TapVid-3D.
With either backbone, Point4Cast yields better point-map
quality and lower camera pose estimation errors, on both
PointOdyssey and TAPVid-3D datasets. The gains are on
TapVid-3D, which presents a fully zero-shot setting, high-
light the robustness of our proposed approach.

Forecasting. As reported in Tables 3 and 4, Point4Cast
generally outperforms all forecasting variants of MonST3R,
VGGT, CUT3R, and StreamingVGGT for both next-
frame and 10-step prediction. Unlike frame-generation or
scene-flow—continuation pipelines, whose errors compound
rapidly over time, Point4Cast maintains substantially more

Forecasting Accuracy & Completeness over Future Time Steps

0.701 — Accuracy {
Completeness |

0.0 2.5 5.0 7.5 100 125 150 175 200
Time

Figure 4. Forecasting performance over future time steps on
the PointOdyssey dataset. Accuracy and completeness (lower
the better) gradually decline as the prediction horizon increases.

Figure 5. 3D point tracks over past, present, and future time
steps. Point4Cast yields 3D point tracks that are semantically con-
sistent across different time steps, as shown by the colored tracks.

stable forecasts due to its unified spacetime representation.

Figure 4 further illustrates this trend on PointOdyssey:
both accuracy and completeness degrade smoothly as the
prediction horizon increases, reflecting the inherent diffi-
culty of long-range 3D forecasting, while highlighting the
relative stability of our approach across future time steps.

Qualitatively too (see Figure 3), we see that our proposed
approach exhibits denser and more coherent 3D point maps
with smoother motion, across both the reconstructed (yel-
low/blue) and forecasted (green) point maps, compared to
competing methods, such as MonST3R [93] or VGGT [73].
Importantly, our proposed approach is able to forecast mo-
tions across both rigid (such as cars) and non-rigid (such as
humans) objects, attesting to its effectiveness.

Scene Flow. Table 5 shows that Point4Cast also achieves
the strongest scene-flow estimation and forecasting, despite
not being trained with any flow supervision. As shown
in the qualitative visualization in Figure 5, we notice that
Point4Castis able to accurately track semantically consis-
tent locations in the scene over past, present, and future
time steps. Accurate flows emerge directly from the tem-
porally conditioned point maps, indicating that a coherent
latent spacetime representation implicitly models 3D mo-
tion.

Runtime. Point4Cast has inference times comparable to
Cut3R of ~ 20fps on both datasets.
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Table 1. Reconstruction results on the PointOdyssey dataset.
The best and second best results are highlighted.

Table 3. Forecasting results on the PointOdyssey dataset. The
best and second best results are highlighted.

Method Online Backbone ‘ Acc.] Comp.| Acc-d.] Comp-d., RTE| RRE]
MonST3R [93] X DUSt3R | 0.481 0.502 0.536 0.561 0.021 0482
VGGT [73] X VGGT 0.464 0.491 0.517 0.534 0.016 0441

CUT3R [74] v CUT3R 0.530 0.557 0.572 0.594 0.026  0.480
StreamVGGT [96] v VGGT | 0.525  0.569 0.570 0.612 0.031  0.571

Ours Vv CUT3R 0.410 0.484 0.458 0.516 0.020 0.479
Ours v VGGT | 0428 0472 0.474 0.488 0.016  0.437

Table 2. Reconstruction results on the TAPVid-3D dataset. The
best and second best results are highlighted.

Method Online Backbone ‘ Acc.] Comp.| Acc-d.] Comp-d., RTE| RRE|
MonST3R [93] x DUSt3R | 0.775  0.502 0.830 0.575 0.032  0.541
VGGT [73] X VGGT 0.757 0491 0.897 0.551 0.029  0.511
CUT3R [74] v CUT3R | 0.869  0.657 0.972 0.581 0.045  0.575
StreamVGGT [96] v VGGT 0.817  0.569 0.910 0.612 0.039  0.598
Ours v CUT3R | 0.768  0.540 0.818 0.537 0.037  0.530
Ours v VGGT 0.711  0.476 0.784 0.513 0.028  0.508
.
4.3. Ablation Study

We explore different time-conditioning strategies: (i) a si-
nusoidal C'—dimensional Positional Encoding (PE) of time,
er = [sin(wit),cos(wit),...,sin(we)at), cos(weyat)] €
RC; (ii) a learned embedding which directly maps the
scalar time to a learned C'—dimensional embedding vec-
tor, e, = Embed(t) € RY, followed by a cross attention
scheme:

§=MHA(Q =wi, K = e,V =¢), (12)
s = FFN(LN(3)) + 8, (13)

where MHA denotes Multi-head Attention, Q, K, V de-
note the query, key, and value of the attention module, FFN
denotes a feed-forward network while LN denotes Layer
Norm, as is common in transformer modules [69]. Ta-
ble 6 summarizes ablations on the time-encoding and con-
ditioning mechanisms. Learned time embeddings outper-
form sinusoidal ones, while our FiLM [60]-style condition-
ing (Eq. 6) provides the largest improvements. These results
confirm that flexible temporal conditioning is crucial for ac-
curate reconstruction and forecasting.

Moreover, we also assess the sensitivity of our proposed
model, Point4Cast, to the choice of different backbones. As
we see from the model performances in Tables 3 and 4, our
proposed approach remains relatively robust across differ-
ent backbone choices (viz. Cut3R [74] or VGGT [73]). Ad-
ditional ablations are provided in the supplementary.

5. Conclusions and Future Work

In this work, we introduce the novel task of 3D point map
forecasting, given a sequence of streaming frames of a
video. Towards this end, we propose Point4Cast, a unified
architecture that integrates reconstruction and forecasting
through a persistently evolving latent spacetime represen-
tation and temporally conditioned decoding. The flexible

Method Backbone  For Mocharic | Nextframe | Next 10 frames
‘ Acc. | Comp. | ‘ Acc. | Comp. |
MonST3R [93] DUSt3R Frame generation 0.509 0.569 0.617 0.732
MonST3R [93] DUSt3R Scene-flow cont. 0.566 0.603 0.781 0.870
VGGT [73] VGGT Frame generation 0.561 0.595 0.871 0.955
VGGT [73] VGGT Scene-flow cont. 0.678 0.746 0.785 0.892
CUT3R [74] CUT3R Frame generation 0.716 0.794 0.945 1.039
CUT3R [74] CUT3R Scene-flow cont. 0.669 0.749 0.716 1.011
StreamVGGT [96] VGGT Frame generation 0.558 0.603 0.603 0.671
StreamVGGT [96] VGGT Scene-flow cont. 0.580 0.694 0.776 0.817
Ours CUT3R Inherent 0.498 0.542 0.561 0.604
Ours VGGT Inherent 0.481 0.506 0.533 0.571

Table 4. Forecasting results on the TAPVid-3D dataset. The
best and second best results are highlighted.

Method Backbone Forecasting Mechani: ‘ Next frame ‘ Next 10 frames
| Acc. | Comp. | | Acc.| Comp. |
MonST3R [93] DUSt3R Frame generation 0.912 0.969 1.271 1.326
MonST3R [93] DUSt3R Scene-flow cont. 0.936 1.058 1516 1.630
VGGT [73] VGGT Frame generation 0.881 0.959 1.382 1.428
VGGT [73] VGGT Scene-flow cont. 0.977 1.189 1.541 1.696
CUT3R [74] CUT3R Frame generation 0.948 1.010 1.481 1.539
CUT3R [74] CUT3R Scene-flow cont. 0.972 1.328 1.678 1.911
StreamVGGT [96] VGGT Frame generation 0.956 1.259 1.693 1.671
StreamVGGT [96] VGGT Scene-flow cont. 0.921 1.310 1.896 1.817
Ours CUT3R Inherent 0.831 0.890 1.371 1.471
Ours VGGT Inherent 0.810 0.878 1.259 1.456

Table 5. Scene flow estimation and forecasting results on the
PointOdyssey dataset. The best and second best results are high-
lighted.

| Scene Flow Estimation | Scene Flow Forecasting

Method

‘ EPE | Acc ‘ EPE | Acc
MonST3R [93] 2.058 0.741 3.158 0.725
VGGT [73] 3.170 0.707 3.601 0.661
CUT3R [74] 3.838 0.661 4.101 0.623
StreamVGGT [96] 2.441 0.718 3.717 0.537
Ours (VGGT backbone) | 1.355 0.848 1.619 0.766

Table 6. Ablation study on the choice of Time Conditioning
technique on the PointOdyssey dataset. The best results are
highlighted.

Query Time Embedding Conditioning ‘ Acc. | Comp. |

Sinusoidal Cross-Attention | 0.470 0.502
Learned Cross-Attention | 0.437 0.492
Learned FiLM 0.428 0.472

design of our approach permits the use of multiple back-
bone networks and different temporal conditioning strate-
gies. Moreover, our approach provides scene flow estimates
between the point maps over different time steps, without
any additional training or inference. Empirical evaluations
across challenging benchmarks, show that our proposed ap-
proach can outperform latest open-source, state-of-the-art
methods at both 3D point map reconstruction and camera
parameter estimation as well as for the novel task of 3D
point map forecasting. Going forward, we intend to incor-
porate uncertainty modeling into our prediction framework.
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