Point4Cast: Streaming Dynamic Scene Reconstruction and Forecasting

Supplementary Material

We begin this supplementary document by providing de-
tails of the datasets used for training in Section A. In Sec-
tion B, we present additional architectural specifications of
our proposed model. Next, in Section C, we report infer-
ence speed comparisons between our approach and com-
peting baselines for 3D point map reconstruction. We fur-
ther include, in Section D, additional ablation studies that
examine the influence of our time-conditioning strategy on
overall performance. Finally, in Section E and Section F,
we provide qualitative results for 3D point map reconstruc-
tion and forecasting, camera pose forecasting, and 3D point
tracks across a diverse set of scenes. For the challenging
task of 3D point map reconstruction and forecasting, we
also present qualitative comparisons against state-of-the-art
baselines.

The following summarizes the supplementary materials
we present:

1. Training details, including those of the datasets used for
training our model as well as loss plots.

2. Additional details about the network architecture of
Point4Cast including discussion of adaptations needed
to incorporate popular backbones into our framework.

3. Runtime comparison of different competing methods for
3D point map reconstruction.

4. Ablation studies comparing the different time condition-
ing mechanisms.

5. Qualitative results comparing Point4Cast with differ-
ent competing methods on samples from an in-domain
dataset as well as from unseen, online videos for the task
of 3D point map reconstruction/forecasting.

6. Qualitative results of camera pose estimates and 3D
point tracks obtained by our method.

In addition, in the supplementary bundle, we provide: a

video showing examples of reconstruction/forecasting of

3D point maps and recovered camera poses on the cho-
sen dataset as well as on videos captured in the wild, by

Point4Cast and other competing methods, compiled to-

gether in supplementary_video.mp4.

A. Details of Training Datasets

Table A. Description of training datasets used for Point4Cast.

Dataset Name ‘ # Videos ‘ Total # Frames ‘ Frame Resolution

Kubric [1] 1,000 ~24,000 512 x 512
PointOdyssey [9] 100 ~150,000 960 x 540
Stereo4D [2] 2,000 ~1,600,000 512 x 512
Custom synthetic dataset 2,000 ~240,000 960 x 540
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Figure A. Training Loss on the PointOdyssey dataset.

In order to equip, Point4Cast with strong inductive pri-
ors for online 3D point map reconstruction and forecasting
of dynamic scenes, beginning with pre-trained modules of
popular feed-forward 3D point map reconstruction frame-
works [6, 7], we train our model on four diverse datasets of
dynamic scenes: (i) Kubric [1], (ii) PointOdyssey [9], (iii)
Stereo4D [2], and (iv) an additional synthetic dataset which
we create by using Blender - coupling chosen Mixamo' mo-
tion assets with scene elements from BlenderKit’.

The reuse of modules from popular backbones, such as
CUT3R [7] or VGGT [6], provides Point4Cast with im-
portant priors about the geometry of the 3D world across
several different types of scenes. Nonetheless, to further
finetune our model with 3D priors from complex dynamic
scenes and to also train the new, untrained modules intro-
duced in our architecture, we leverage the datasets listed in
Table A. In particular, we use: (i) The Kubric dataset [1],
consisting of ~1,000 indoor, synthetic videos which have
metric depth provided with each video. Every video in the
dataset is 24 frames long and has frames of 512 x 512 reso-
lution. (ii) The PointOdyssey dataset [9], which comprises
of ~100 synthetic videos which also include metric depth
per frame. Each video in the dataset is ~1500 frames long
and has frames of 960 x 540 resolution. (iii) The Stereo4D
dataset [2], containing 2,000 real-world clips, each approx-
imately ~800 frames long, with frames of 512 x 512 reso-
lution. (iv) Finally, we also construct an in-house, synthetic
3D-scene dataset which we construct by using Blender to
render chosen Mixamo motion assets (such as human char-
acters and animals) with scene elements (those that consti-
tute the background) obtained from BlenderKit. Following
this procedure, we obtain a dataset of 2k videos, where each
video is ~120 frames long and has frames of 960 x 540
resolution. This process yields perfect ground-truth metric
depth for all frames.

Point4Cast is trained end-to-end with gradients through
successive updates of the spacetime representation, simi-
lar to Backpropagation Through Time (BPTT), but super-

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


https://www.mixamo.com/
https://www.blenderkit.com/

vision after every update shortens gradient paths and avoids
long-horizon error accumulation. Moreover, update/readout
use attention-based transformers (not sequential RNNs),
helping avoid vanishing gradients. Pretrained geometric
backbones further stabilize optimization. Point4Cast is
trained in a single-stage on 8 x A100 (80GB), takes ~107h,
and converges smoothly (See Fig. A for loss curve on the
PointOdyssey dataset).

B. Additional Architectural Details

Several components of Point4Cast are initialized using
pretrained modules from established backbones for 3D
point-map reconstruction from images, such as CUT3R [7]
and VGGT [6]. In particular, the image encoder is initial-
ized from the ViT backbone of VGGT, producing 14 x 14
patches that are embedded into 1024-dimensional tokens.
The attention blocks of both the UpdateTransformer and the
ReadoutTransformer are initialized from the Dense Predic-
tion Transformer (DPT) modules of VGGT. The Update-
Transformer and ReadoutTransformer each consist of 12 at-
tention layers configured as transformer decoders, with 16
multi-head attention (MHA) heads per layer. The predic-
tion heads, Heady,, and Head.m, follow the architecture
of VGGT’s camera head and employ simple 1 x 1 convo-
lutional layers to map the final 1024-dimensional tokens to
the predicted 3D point map and camera parameters.

Incorporating different backbones: The flexible design
of Point4Cast’s architecture allows for the integration of
various backbone networks, enabling us to leverage their
inductive biases for 3D point map reconstruction and fore-
casting. We experiment with two popular backbones:
VGGT [6] and CUT3R [7]. When using VGGT as the back-
bone, we initialize the image encoder with the DINO en-
coder from VGGT. The UpdateTransformer and Readout-
Transformer modules are initialized using VGGT’s trans-
former blocks. In addition, both the Head,,, and Head 4
modules are initialized with the weights of VGGT’s DPT
heads. When using CUT3R [7] as the backbone, we ini-
tialize the image encoder with the pre-trained ViT encoder
from CUT3R. The UpdateTransformer and ReadoutTrans-
former modules are both initialized using the transformer
decoder from CUT3R.

C. Runtime Comparisons

In Table B, we compare the inference speed (FPS) of
our method against several state-of-the-art baselines on the
PointOdyssey dataset. Our approach achieves competitive
runtime performance, demonstrating that the additional ar-
chitectural components introduced in our framework do not
impose any significant computational overhead.

Table B. Runtime comparison of competing methods on the
PointOdyssey dataset for 3D point map reconstruction. Higher
FPS indicates faster inference. The best result is highlighted.

Method ‘ Inference speed (FPS) 1
MonST3R [8] 4.29
VGGT [6] 1.13
CUT3R [7] 23.74
StreamVGGT [10] 17.18
Ours (VGGT backbone) | 20.83

Table C. Ablation study on the choice of Time Conditioning
technique on the PointOdyssey dataset. The design choices for
our approach 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

D. Additional Ablation Results

In this section, we present some additional ablation results
of our proposed approach.

D.1. Comparisons of Time-Conditioning Strategies

Table C summarizes the performances of plausible
time-encoding and conditioning mechanisms on the
PointOdyssey dataset, with the design choice of our model
shown in the final row (highlighted in gray). Starting with
the input time stamp, a sinusoidal embedding denotes a
C'—dimensional Positional Encoding (PE) of time. This
maybe represented as:

e; = [sin(wit), cos(wit), ..., sin(weyat), cos(weyat)] € R,

while a learned embedding directly maps the scalar time to
a learned C'—dimensional embedding vector.

e; = Embed(t) € RY,

With the time embeddings e, in place, we explore two
approaches towards deriving the time conditioning vector.
The first leverages the popular FiLM [3] conditioning tech-
nique which may be represented by the equations shown
below:
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Alternatively, we also explore the efficacy of a cross at-
tention scheme as shown below:

§=MHA(Q =wg, K =¢;,V = ¢), 2)
s = FFN(LN(3)) + 3, (3)



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 [5].

As we see from the results in Table C learned time em-
beddings outperform sinusoidal ones, and FiLM [3] condi-
tioning provides the largest improvements.

D.2. Frame-Rate and Spacetime Representation
Sensitivity

Config
Rate Acc.] Comp. T i —
\L p \L Backbone Stream

60 FPS 0415 0.461 None v 0719 0897 2083

CUTIR  x 0539 0662 575
30FPS 0.427  0.469 CUT3R v 0484 0516 208
10FPS 0474 0493 VGGT — x 0671 0838 147
v

Uneven 0433 0473 ——= 0458 0465 091

Acc., Comp.) FPS?

Table E. Ablations on streaming
Table D. Time-spacing sensitiv- versus full video setting on the
ity. PointOdyssey dataset.

In order to study the impact of the video frame rate on
the reconstruction, we synthesize a 3 s, 60 FPS clip and cre-
ate variants by down-sampling the clip to 30 and 10 FPS,
as well as an unevenly spaced video setting. Table D
shows that down-sampling the frae rate leads to perfor-
mance degradation due to larger inter-frame motions, al-
beit gracefully. Point4Cast remains largely robust to uneven
sampling.

We also ablate the performance of Point4Cast on the
type of backbone it is initialized with and the use of the
proposed streaming update versus a per-frame inference
without maintaining a persistent spacetime state. The re-
sults in Table E show that enabling the spacetime represen-
tation consistently improves reconstruction quality across
both backbones, while also yielding a substantial efficiency
gain in terms of FPS. The VGGT backbone combined with
the streaming update achieves the best reconstruction accu-
racy with high throughput.

E. Qualitative 3D Reconstruction and Fore-
casting Results

Qualitative 3D point map reconstruction and forecasting re-
sults obtained by our method against competing, state-of-
the-art baselines (MonST3R [8] and VGGT [6]) are shown
in Figure E on the Point Odyssey dataset as well as on un-
seen, real-world, outdoor videos, as shown in Figure B and
Figure C. Since, the competing baselines are not equipped
for the novel task of 3D point map forecasting, we use op-
tical flow [4] to first forecast the 2d image frames and then
use the baseline approaches to predict the 3D point maps.
We see that our proposed approach exhibits denser and
more coherent 3D point maps with smoother motion, across
both the reconstructed ( /blue) and forecasted ( )
point maps, compared to the competing methods. Impor-
tantly, our proposed approach is able to forecast motions
across both rigid (such as cars) and non-rigid (such as hu-

mans) objects, attesting to the effectiveness of our method.
Additionally, Figure D shows that the estimated camera
poses, obtained by our method, align well with human intu-
ition - attesting to the effectiveness of our approach.

F. Qualitative 3D Point Track Results

One key feature of the design of our approach is that we
obtain correspondences between point clouds across time
steps, without any additional inference or training. We are
thus able to compute tracks of 3D points over time. In Fig-
ure F, we show qualitative results for the same, across two
different unseen sequences for videos captured in the wild.
In both cases, we see that the point tracks are consistent
with the motion of the vehicles (the car on the side of the
street and the bus respectively.)
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Figure B. Qualitative comparison of dynamic-scene reconstruction (shown in blue) and forecasting (shown in green) on unseen
videos, captured in the wild. We compare Point4Cast (our proposed approach) with MonST3R and VGGT (adapted to use scene flow for
forecasting) on challenging outdoor scenes. Point4Cast produces more complete and temporally consistent 3D point maps, with sharper
geometry, fewer artifacts, and more reasonable future predictions.
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Figure C. Qualitative comparisons on challenging, dynamic-scene reconstruction (shown in blue) and forecasting (shown in green)
on unseen videos of outdoor scenes, between Point4Cast and VGGT.
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Figure D. Qualitative visualization of camera trajectories, obtained by our method, across two unseen videos, captured in-the-wild.
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Figure E. Qualitative comparison of 3D point map reconstruction (shown in blue) and forecasting (shown in green) on the Point
Odyssey dataset [9]. We compare Point4Cast (our proposed approach) with MonST3R and VGGT (adapted to use scene flow for fore-
casting) on challenging scenes featuring non-rigid human motion. Point4Cast produces more complete and temporally consistent 3D point
maps, with sharper geometry, fewer artifacts, and more reasonable future predictions.
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Figure F. Qualitative visualization of 3D point tracks, obtained by our method, over time steps.
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