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Figure 1. Any4D is a flexible feed-forward model capable of producing dense metric 4D reconstructions using N frames as input.
Any4D is up to 15 x faster and 3x better than prior state-of-the-art, where performance can be further boosted by using diverse sensors as
input. Note that Any 4D produces dense 3D tracking vectors, but here we visualize the sparse 3D motion tracks for simplicity.

Abstract

We present Any4D, a scalable multi-view transformer
for metric-scale, dense feed-forward 4D reconstruction.
Any4D directly generates per-pixel motion and geometry
predictions for N frames, in contrast to prior work that typ-
ically focuses on either 2-view dense scene flow or sparse
3D point tracking. Moreover, unlike other recent methods
for 4D reconstruction from monocular RGB videos, Any—
4D can process additional modalities and sensors such as
RGB-D frames, IMU-based egomotion, and Radar Doppler
measurements, when available. One of the key innova-
tions that allows for such a flexible framework is a mod-
ular representation of a 4D scene; specifically, per-view
4D predictions are encoded using a variety of egocentric
factors (depthmaps and camera intrinsics) represented in
local camera coordinates, and allocentric factors (camera

extrinsics and scene flow) represented in global world co-
ordinates. We achieve superior performance across diverse
setups - both in terms of accuracy (2 — 3x lower error)
and compute efficiency (15X faster) - opening avenues for
multiple downstream applications.

1. Introduction

Reconstructing the 4D (3D + t) world from sensor obser-
vations is a long-standing goal of computer vision. Such
a technology can unlock a wide range of downstream
tasks. In generative Al, 4D reconstruction can improve dy-
namic video synthesis [8, 41, 72, 84], video understanding
[24, 96], and the creation of interactive dynamic assets such
as VR avatars. In robotics, 4D scene reconstruction can sig-
nificantly improve predictive control (MPC) for an agent
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navigating and manipulating in a physical world [44, 52].

Although there has been significant recent progress on
4D reconstruction [16, 27, 37, 41, 60, 78, 92], dynamic
reconstruction of in the wild videos remains challenging
for many reasons. First, 4D reconstruction is severely
under-constrained, requiring simplifying assumptions such
as rigid motion, smoothness priors, or a mostly-static world
assumption. Second, there is a lack of large-scale 4D
datasets. Unlike million-scale video [10] and 3D datasets
[2, 3], reliable high-quality 4D reconstruction datasets are
still limited to a few thousand scenes, primarily obtained via
simulation [18, 95]. Third, because 4D reconstruction and
tracking is such a challenging problem, progress has been
largely achieved by treating dynamic attribute prediction as
independent sub tasks (i.e., 3D tracking, video-consistent
depth estimation, scene flow estimation, camera pose esti-
mation in dynamic scenes). This focus on sub tasks has led
to fragmented datasets and benchmarks that lack consistent
4D definitions and annotations. This is unsatisfying because
all sub tasks observe the same underlying 4D world!

To create a universal system that can reliably work on in
the wild videos, we seek to address the following desider-
ata: a) efficiency: much prior work often makes use of iter-
ative optimization-based methods as a post-processing step
that maybe too slow for real-time deployment. b) multi-
modality: Many robotic platforms use additional sensors
beyond cameras, but most prior work fails to exploit such
diverse configurations. c) metric scale outputs: while ex-
isting 4D reconstruction methods produce outputs in a nor-
malized coordinate frame, physical agents undeniably oper-
ate in the metric-scale physical world.

Taking a step in this direction, Any4D is a unified and
scalable model with the following 3 core contributions:

* Dense Metric-Scale 4D Reconstruction: Any4D pre-
dicts the dense geometry and motion of the scene in met-
ric coordinates, unlike existing methods that can recon-
struct only up-to-scale or sparse tracks. We propose a fac-
tored 4D representation consisting of per-view allocentric
factors (for scene flow and poses) and egocentric factors
(for intrinsics and depth). This factored 4D representation
allows us to train on diverse datasets with partial annota-
tions, including metric-scale 3D reconstruction datasets
without motion annotations, and non-metric datasets with
motion annotations.

Flexible Multi-Modal Inputs: When available, Any4D
can further improve its 4D reconstruction by exploiting
additional input modalities like depth from RGBD sen-
sors, camera poses from IMUs or doppler velocity from
RADARSs compared to image-only 4D reconstruction.

Efficient Inference: Any4D infers both geometry and
motion from N video frames in a single feed-forward
pass, bypassing existing work that only predict motion

for 2 frame inputs or require computationally-expensive
optimization, making Any4D up to 15x faster than the
next best performing method.

2. Related Work

Reconstruction of Dynamic Scenes: Reconstruction
and camera pose estimation for static scenes has a rich his-
tory. It has been studied as Simultaneous Location and
Mapping (SLAM) [13, 15, 31, 33, 50, 65] when visual ob-
servations occur in a temporal sequence, and as structure-
from-motion (SFM) [1, 62, 64, 71] otherwise. Since tra-
ditional optimization-based reconstruction is at odds with
dynamics reconstruction, many approaches relied on ad-
hoc semantic and motion masks to discard dynamic re-
gions of a scene [6, 21, 36, 57]. Subsequently, advances
in data-driven monocular depth [14, 58, 59, 88] and opti-
cal flow [67, 94] estimation have not only enabled data-
driven static reconstruction methods [68], but have also
sparked research [34, 37, 40, 45, 63, 84] in dynamic scene
reconstruction. Although methods such as MegaSaM [40]
are promising, they rely on per-scene optimization, making
them ill-suited for real-time use. More recently, following
the success of end-to-end methods[26, 80], methods such
as MonST3R [92] handle dynamic scenes by making inde-
pendent per-frame predictions. However, they still require
post-hoc optimization to establish explicit correspondences.
To alleviate this, [32, 77, 83] also show the potential of feed-
forward multi-view inference from a set of images. Follow-
ing this line of work, Any4D is a feed-forward model that
predicts camera poses, dense 3D motion (as scene flow) and
geometry (as pointmaps), fully describing a dynamic scene
captured by a set of N frames in its entirety.

Scene Flow: Scene flow was introduced in [75] as the
problem of recovering the 3D motion vector field for ev-
ery point on every surface observed in a scene. Any op-
tical flow then is the perspective projection of scene flow
onto the camera plane. Subsequently, it has been studied
through a wide range of approaches, ranging from vari-
ational methods [5, 25, 55] to learning-based supervised
methods [42, 81] and self-supervised methods [49, 56, 85].
Despite these advances, solutions to scene flow estimation
have largely been tailored to specific downstream use cases,
exploiting access to privileged information. In autonomous
vehicles (AVs), scene flow approaches [11, 74] typically ac-
cess sensor pose through inertial and proprioceptive sen-
sors. Similarly, RAFT-3D [69] assumes access to depth.
Recently, [41] proposed to build upon [77] for scene flow
and view synthesis. However, in the spectrum of dynamism
in a scene, we observe that all the above scene flow methods
are limited to simplistic scenes like [7, 47, 48] with minimal
dynamic motion. Our model is instead capable of directly
predicting scene flow in the allocentric coordinate frame .
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Figure 2. Any4D’s unified capabilities overcome major limitations of existing 4D reconstruction models.

3D Tracking: While scene flow has been defined for
short-range motion typically for a pair of image frames,
point tracking [61] is the task of tracking a pixel trajec-
tory over a long time horizon. Following methods such
as [20, 29, 30] that show the success of 2D point-tracking,
TAPVID-3D [35] introduced a benchmark to address the
problem of 3D point tracking. Subsequently, [51, 86, 91]
proposed methods for obtaining 3D point tracks and im-
proving this benchmark. However, [51, 86] focus on
ego-centric 3D point-tracking, unlike Any4D which re-
gresses allocentric 3D point-tracks. [87] recently proposed
a method for allocentric 3D point tracking, by jointly opti-
mizing camera motion, 2D and 3D point tracks. However,
it is important to note that these methods can only track
sparse points and require knowledge of poses and depth, ei-
ther from ground truth or from running off the shelf models,
limiting real-time deployment. In contrast, Any 4D natively
supports dense 3D point tracking and can take flexible in-
puts, allowing adoption on a range of platforms.

Concurrent and Recent Work: We acknowledge con-
current works [16, 19, 27, 41, 43, 66, 93] that focus on pre-
dicting geometry and motion, with [27, 41] being limited to
extremely small camera and scene motion. Any4D differs
from all concurrent methods in 3 ways (see Fig. 2). First,
all concurrent methods require multiple feedforward passes
to infer the motion, whereas Any 4D adopts a scalable archi-
tecture inspired by [32] and performs a single feedforward
pass for all image frames at once. Second, these methods
only accept image inputs, while Any4D which can exploit
diverse multi-modal inputs. Third, unlike the concurrent
works, we are the only method to produce metric scale 4D
reconstructions. We believe that the open-source release of
Any4D will set a strong foundation for the community.

3. Any4D

Any4D is a transformer that takes flexible multi-modal in-
puts and outputs a dense metric-scale 4D reconstruction in

a single feed-forward pass. In addition to a set RGB images
I £ {I;}),, Any4D can use auxiliary multi-modal sensor
inputs which we denote as O = (O;)¥_,. Then, our model
can be represented as a function that maps these inputs to a
factored output representation as follows:

(5,{Rs, D;, T3, F;}X.|) = Any4D(I, O), (1)
where the optional inputs O can contain information such as
depth maps, camera intrinsics, camera poses from external
systems or IMU and Doppler velocity from RADAR.

Model predictions are denoted with ~ in order to differ-
entiate them from ground-truth targets or auxiliary inputs.
Predictions include a metric scaling factor s € R for the en-
tire scene, egocentric quantities predicted in the local cam-
era coordinate frame, namely
* ray directions for each view, i.e., ]:21 € R3XHXW
* scale-normalized depth along the rays for each view, i.e.,

Di c R1x HxW.
and allocentric quantities predicted in a consistent world
coordinate frame, namely
* scale-normalized forward scene flow from the first view
to all other views, i.e., F; € R3*HxW
» camera pose of each view in the coordinate system of the
first view, i.e., T; £ [pi,q;] € R” represented using a
scale-normalized translation vector and quaternion.
Now, given these output factors from Any4D, one can re-
cover the predicted metric-scale geometry G; in the form
of pointmaps [80] by composing the individual quantities
as
G,=5-T,-R;-D; ¢eR¥>HxW, )
Similarly, allocentric scene flow M; and pointmaps after
motion G/ ; can be recovered as

M;=5-F, eR¥>HxW (3)
dli = GZ—FM% GRSXHXW @
We show in Sec. 4, that this parameterization of motion and

geometry is optimal for model performance compared to
other parameterizations.
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Figure 3. Any4D predicts a factorized dense metric 4D reconstruction represented as a global metric scale, per-view egocentric factors
(depth maps and ray directions) and per-view allocentric factors (forward scene flow and camera poses) as explained in Sec. 3. Any4D
is a N-view transformer, consisting of modality-specific encoders, followed by an alternating-attention transformer to produce contextual
patch embeddings. The output tokens from the transformer are then decoded using individual decoders specific to each factor.

3.1. Architecture

Any4D largely follows a multi-view transformer architec-
ture, similar to [32] (see Fig. 3). Conceptually, it can be
separated into three sections: a) modality specific input en-
coders, b) a multi-view transformer backbone that attends
to the tokens from all views, and c) output representation
heads which decode the tokens into the factorized output
variables for each view.

Multi-Modal Input Encoders: RGB inputs I and aux-
iliary multi-modal sensor inputs O are mapped to view-
specific patch tokens through multi-modal view encoders
with shared weights for input views which map to a
R1024xH/14xW/14 featyre space. We follow the design
choices in [32] for RGB, depth, camera poses and intrinsics
encoders, and additionally, add a CNN encoder to encode
doppler velocity. We summarize these below:

* RGB Images: DINOv2 [53] for encoding images, to ex-
tract the layer-normalized patch-level features from the fi-
nal layer of DINOV2 ViT-Large, Fj € R1024xH/14xW/14

* Depth Images: A shallow CNN encoder is used to en-
code depth images, where we normalize the input depth
before passing it to the depth encoder. The normalization
factor is computed independently for each local view.

* Doppler Velocity: Doppler velocity is also encoded us-

ing a CNN-based encoder. However, here the normaliza-
tion factor for encoding the doppler velocity is computed
from the first-view pointmap and shared globally.

* Camera Intrinsics: Camera intrinsics are encoded as
rays, and also use a CNN that maps the 3-channel ray-
directions into the same 1024-dimensional latent space.

* Camera Poses: Two 4-layer MLP encoders are used for
camera rotation and translation that map normalized input
poses to latent vectors, fror € R1924 and firans € R1024,
The normalization factor for pose translation is computed
globally across all views, and a positional encoding is
used to indicate the reference view pr; € R10%4,

* Metric Scale Token: For metric-scale data, the depth
scale and pose scale obtained from normalizing depth and
pose are first transformed to log-scale and then encoded
using a 4-layer MLP, yielding two R'9%4 Jatent features.

All multimodal encodings thus obtained are aggregated

via summation into a per-view embedding F.., €

R1024xH/14xW/14 " \which are flattened into tokens, along

with an added learnable token to learn the metric-scale.

Transformer Backbone: We use an alternating-attention
transformer [77] across the views, consisting of 12 blocks of
12 multi-head attention and MLPs. Each transformer block
processes tokens with a latent dimension of 768 and con-
tains MLPs with a ratio of 4, similar to the ViT-Base archi-
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Figure 4. Any4D provides dense and precise motion estimation, where on the other hand, state-of-the-art baselines either produce
reliable but sparse motion (SpatialTrackerV2 [87]) or dense per-pixel motion that is not accurate (St4RTrack [16]). For SpatialTrack-
erV2, we are only able to uniformly query a maximum of 2500 points with a H100 GPU using 80 gigabytes of GPU memory. Note that we
don’t use any pre-computed segmentation mask but purely threshold our scene flow output to get a binary motion mask. St4RTrack cannot
produce good binary motion masks due to incorrect scene flow predictions on object boundaries and the background.

tecture. Furthermore, consistent with [32] we choose to not
use 2-D rotary positional encoding (RoPE) for the inputs,
and also employ Flash Attention [12] for efficiency.

Output Representation Heads: We decode the multi-
view tokens from the transformer backbone into a factored
output representation as follows:

* Geometry DPT Head: We use a dense prediction trans-
former (DPT) [58] head to predict per-view ray directions
Ri, up-to-scale ray depths D;, and confidence masks.

* Motion DPT Head: A second DPT head is tasked to pre-
dict per-view forward allocentric scene flow F, . The
scene flow represents motion of points in the reference
view-0 to all other views.

* Pose Decoder: The pose decoder is an average-pooling-
based CNN decoder that predicts per-view, up-to-scale
translations and quaternions T, 2 [pi, i)

* Metric Scale Decoder: We use a lightweight MLP de-
coder to predict the log scale metric scaling factor, which
is subsequently exponentiated.

3.2. Training Details

Datasets: Despite recent efforts [27], there is a lack
of large-scale datasets that contain dynamic scene mo-
tion annotations. In fact, reliable, high-quality scene
flow annotations are sparse and only available from sim-

ulation engines [18, 28]. We address this challenge
in this work by a) finetuning large-scale pretrained ge-
ometry models and b) training with partial supervi-
sion. Owing to our factored representation, we are able
to train on a mixture of both geometry-only and dy-
namic datasets, where they can be synthetic or real-
world with varying sparsity of labels: BlendedMVS [89],
MegaDepth [39], ScanNet++ [90], VKITTI2 [7], Paral-
lelDomain4D [73], Waymo-DriveTrack [4], SAIL-VOS3D
[23] PointOdyssey [95], Dynamic Replica [28] and Kubric
[18] data generated by CoTracker3[29] and GCD[73]. De-
tailed information of all datasets used for training is avail-
able in the appendix.

Training with Multi-Modal Conditioning: We prepro-
cess the datasets and generate multi-modal inputs offline for
faster training. Geometric inputs consisting of poses, depths
and intrinsics are directly taken from the dataset annota-
tions. To simulate doppler velocity, we take the radial com-
ponent of egocentric scene flow between data pairs. During
training, multi-modal conditioning is applied with a proba-
bility of 0.7, i.e., 70% of training iterations include multi-
modal inputs alongside images. Additionally, we ensure
that individual modalities (depth, rays, poses, and doppler)
are independently removed with a probability of 0.5 to pro-
mote effective learning in flexible input configurations. Fi-



nally, we initialize our network with MapAnything weights
[32]. For each training batch, we sample up to 4 views from
the datasets and train on 1 H100 node for 100 epochs.

Losses: Any4D is trained using a combination of geo-
metric and motion losses based on the type of annotation
available. Ray directions representing the camera intrinsics
and quaternions are scale-agnostic, and therefore can be su-
pervised via simple regression losses:

N
£rays = Z HRz - Rz” (5)

N
A
rolallon = | | qi —

=1

On the other hand, geometric quantities such as camera
translations ¢;, ray depths D; and scene flow F; are pre-
dicted in a scale-normalized coordinate frame. Following
prior work [32, 38, 80], we use the ground-truth validity
masks V; and pointmaps X; and compute the ground-truth
scale as the average euclidean distance of valid points with
respect to the world origin (given by the first view camera
frame): z = H{Xl[Vl]}fVH/ZfV V;. To compute scale-
invariant losses, we also compute a scale factor derived
from our predictions z = ||{X;[Vi]} ||/ va Vi:

Gl Il —a+al). )

A Nt
Etrans - Z Z - Z ) (7)
N ~
D,
Edepfh - Z flog ( > flog ( ) (8)

where fiog(z) £ (2/[|z)log(1 + ||z||) converts quantities
to log-space for numerical stability. A pointmap loss is also
applied to the composed geometric predictions as follows:

3 o (5 ) = i (X>

Lom 2
7

Similarly, scene flow is also supervised in a scale-
invariant manner. We find that scene flow loss is dominated
by static points since most of the scene is static. Therefore,
we find it is crucial to calculate a static-dynamic motion
mask M from the ground truth scene flow, and upweight the
scene flow loss in the dynamic regions by 10x more com-

pared to static regionS'
f log ( ) f log ( )

sf—ZM

Finally, the predlcted metric scale factor s 1s also super-
vised in the log space as follows: Lgae = | fiog(2) —
fiog(8 - sg(Z)||, where sg denotes the stop- gradlent opera-
tion and prevents the scale supervision from affecting other
predicted quantities. The final loss is expressed as:

L= Elrans + Erol + Erays + Edepth + Esf + Emask (1 1)

€))

(10)

4. Results & Analysis

We evaluate Any 4D on diverse benchmarking setups specif-
ically designed for allocentric 4D reconstruction, and com-
pare against state-of-the-art (SOTA) methods.

3D Tracking: There is a lack of standard and unified
benchmarks for evaluating 4D reconstruction in the existing
literature. To create allocentric 3D tracking benchmarks, we
follow [16] and repurpose existing 3D tracking benchmark,
particularly TAPVID-3D [35]. However, TAPVID-3D have
their own limitations: the Aria Digital Twin (ADT) se-
quences are largely static, Parallel-Studio sequences contain
fixed-camera viewpoints, while the DriveTrack sequences
are extremely sparse. Hence, we choose to drop ADT,
and keep Parallel-Studio and Drive-Track benchmarking se-
quences. We also add unseen held-out sequences from Dy-
namic Replica [28] and a zero-shot dataset LSFOdyssey
[76], both of which contain camera motion along with 3D
tracking labels. The final benchmark contains ~ 170 se-
quences across 4 datasets of up to 64 frames in length. We
evaluate Any4D against SOTA 3D trackers SpatialTrack-
erV2 [87] and St4RTrack [16]. We also compose 3D re-
construction models [32, 38, 77, 92] with 2D tracks from
CoTracker3 [29] for comparison.

We use standard benchmarking protocols [16, 35, 69, 87]
to evaluate the quality of our 4D reconstruction. Follow-
ing [16], we first perform median-scaling to align to met-
ric space. We report average percent of points within delta
for 3D points after motion (APD) and inlier percentage 7
for scene flow. We also report End Point Error (EPE) for
3D points after motion (dynamic points) and 3D scene flow
vectors. APD and 7 are defined as:

APD = Z]l (‘
T—Z]l (‘

where P represents the predicted 3D point after motion
and F} is the corresponding scene flow vector at time ¢.
For APD, we use thresholds d3p € {0.1,0.3,0.5,1.0} m.
As evident in Tab. 1, Any4D shows state-of-the-art perfor-
mance across all datasets. Furthermore, it is 15 x faster than
the closest performing method, SpatialTrackerV2. This is
further reinforced qualitatively in Fig. 4.

‘ < 6313) (12)

i,t T i,t

’ < 0.1m) (13)

it i,t

Dense Scene Flow: We construct allocentric scene flow
benchmarks by repurposing 2 egocentric scene flow bench-
marking datasets: VKITTI-2 [7] and Kubric-4D [72].
While scene flow in VKITTI-2 is limited to small consec-
utive frame motion, we can simulate scene flow across 60
frames and 16 camera viewpoints from Kubric4D (GCD).
Hence we create 2 variants for Kubric4D (GCD): (a) scene
flow from static camera movement and (b) scene flow from
wide-baseline dynamic camera movement. Importantly, all



Table 1. Any4D showcases state-of-the-art sparse 3D point tracking, while providing dense motion predictions and being an order
of magnitude faster than the closest performing baseline. We report end-point error (EPE), average points within delta (APD) and inlier
ratio at 0.1m (7) for dynamic points in the benchmark. The runtime is computed on a H100 using 50 frames as input. Best results are bold.

Drive Track [4] Dynamic Replica [28] LSFOdyssey [76] PStudio [35]

Dynamic Points  Scene Flow Dynamic Points  Scene Flow  Dynamic Points  Scene Flow  Dynamic Points  Scene Flow
Method Runtime (s) EPE| APDt EPE| +1 EPE|l APDt EPE| r1 EPE| APD? EPE|l t1 EPE| APD?t EPE| 71
MonST3R + CoTracker3 14640  16.81 044 21.87 0.06 0.81 43.34 0.18 25.99 0.61 50.96 0.41 43.64 0.51 51.87 0.52  21.06
MASt3R + CoTracker3 13.82  17.16 122 2001 020 040  57.72 0.23 5398 083 4595 0.62 41.10 043 54.11 043 14.69
VGGT + CoTracker3 231 8.30 480 11.69 0.77 026  69.12 0.06 89.37 0.47 59.21 022 74.11 026  69.34 0.17 45.77
MapAnything + CoTracker3 0.73 9.42 245 12.88 043 0.25 70.51 0.06 89.59 0.63 35.51 0.51 58.00 0.63 50.85 035 58.01
St4RTrack .12 11.82 1.03 1463 0.10 0.17 80.87 0.07 77.90 056  48.11 0.25 3831 0.41 53.12 021 28.46
SpatialTrackerV2 11.56 545 448 10.63 0.10 0.69 6234 0.06 83.66 034 6837 0.09 78.75 0.21 74.46 0.14 50.70
Any4D 0.50 3.89 7.81 314 1.83 0.07 9344 0.05 86.99 027 7170 0.10 7141 027 6743 0.19 3357

Table 2. Any4D achieves state-of-the-art dense scene flow estimation performance. We report end-point error (EPE), average points
within delta (APD) and inlier ratio at 0.1m (7) for dynamic points and scene flow across three datasets, where best results are bold.

Kubric-4D Dynamic Camera Kubric-4D Static Camera VKITTI-2

Dynamic Points  Scene Flow  Dynamic Points  Scene Flow  Dynamic Points  Scene Flow
Method EPE|l APDT EPE|] 71 EPE] APDT EPE|l 1 EPE|l APDT EPE| 711
MonST3R + SEA-RAFT 5.23 2.20 3.73  14.69 2.26 6.80 1.16 61.79 1231 0.44 1.21 1293
MASt3R + SEA-RAFT 6.35 1.92 145 1395 2.85 7.58 1.26 53.62 1225 250  13.05 10.20
VGGT + SEA-RAFT 11.80 3.60 11.76 14.53 1.92 15.01 0.78 86.54 6.57 2.61 0.70 37.63
MapAnything + SEA-RAFT  17.65 2.67 1770  9.16 2.82 19.99 1.75 73.33 8.46 242 1.32 13.78
St4RTrack 2.44 5.79 1.70 11.83 2.61 6.53 0.72 2051 1471 0.00 097  3.37
Any4D 1.13 18.14 0.17 83.38 1.23 19.53 0.10 87.51 4.97 11.70 0.04 93.08

Input Images Allocentric Scene Flow Extracted Via Different Output Representations

via Allocentric Flow

via 3D Points after motion

via Egocentric Flow

Figure 5. Scene motion parametrized as allocentric scene flow provides the cleanest 4D reconstructions. We find that other parame-
terizations such as 3D points after motion (proposed in St4RTrack [16]) provide extreme noise on object boundaries and background.

pairs from both datasets are from held-out scenes to ensure
there is no data leak from the training datasets. We evaluate
Any4D against St4RTrack which can predict dense scene
flow, and 3D reconstruction method outputs composed with
optical flow from SEA-RAFT [82], to calculate covisible
scene flow. We are unable to run SpatialTrackerV2 or Co-
Tracker3 as they do not support per-pixel point queries and
run out-of-memory(OOM). From Tab. 2, we see that Any—
4D outperforms baselines by 2 — 3x on average on APD,
and by even more on scene-flow metrics.

Video Depth: We also evaluate Any4D on standard
video depth benchmarks [17, 46, 54] in Tab. 3, against spe-
cialized video depth baselines [9, 22], feed-forward + itera-
tive optimization baselines [40, 80, 87, 92], and single-step
feed-forward baselines [32, 77, 79]. Any4D shows state of
the art video depth estimation over other single-shot feed-
forward inference baselines while being competitive with
optimization based and task-specific methods.

Support for Multi-Modal Inputs:  Since Any 4D can uti-
lize flexible inputs for inference to enhance performance,



Table 3. Any4D shows state-of-the-art video depth estimation
over other single-step feed-forward baselines. It is also com-
petitive to iterative/optimization-based methods or ones trained
specifically for this task. We report the absolute relative error (rel)
and the inlier ratio at 1.25% (d1.25), where the best is bold.

Table 5. Allocentric scene flow is the optimal output repre-
sentation for 4D motion. We compare different representation
types on dense scene flow (Kubric) and sparse 3D point tracking
(LSFOdyssey) using end-point error (EPE), average points within
delta (APD) and inlier ratio at 0.1m (7). Best results are bold.

Average Bonn KITTI Sintel
Method rel | 810571 rell d1.2571T rell d1.25 71T rell 1257
a) Video Depth:
DepthCrafter 015 8523 0.07 9790 0.11 88.50 027  69.30
VDA 0.17 86.90 0.05 98.20 0.08 95.10 0.37 67.40
b) Feed-Forward + Iterative Optimization:
DUSt3R 026 7583 0.17 8350 0.12 8490 048  59.10
MonST3R 016 8273 006 9540 0.08 9340 034 5940
MegaSAM 0.10 8797 0.04 9770 0.07 9160 0.18 74.60

SpatialTrackerV2 0.09  88.80  0.03 9880 0.05 9730 020 70.30

¢) Single-Step Feed-Forward:

CUT3R 021 8030 007 9500 0.0 8990 047  56.00
VGGT 0.3 8585 0.07 9727 0.09 9437 024 6590
MapAnything 0.14 8497 009 9477 0.9 9426 025 6587
Any4D 0.13 8628 0.07 9727 0.09 9397 024 67.59

Table 4. Auxiliary inputs improve the 4D motion estima-
tion performance of Any4D. We compare different inputs on
both dense scene flow (Kubric) and sparse 3D point tracking
(LSFOdyssey) benchmarks using end-point error (EPE), average
points within delta (APD) and inlier ratio at 0.1m (7), where best
is bold. “Geometry” indicates use of depth, intrinsics and poses.

Kubric-4D Static Camera LSFOdyssey

Dynamic Points ~ Scene Flow  Dynamic Points  Scene Flow

Any4D Inputs EPE| APDt EPE| r1 EPE| APD} EPE| 11

Images Only 1.17 21.33 0.11 86.25 0.28 71.47 0.12  68.03
Images + Geometry 0.23 80.18 0.09 8626 0.19 80.80 012 68.71
Images + Doppler 1.17 21.70 0.12 8690 0.29 71.26 0.11  70.32

Images + Geometry + Doppler ~ 0.23 81.72 0.09 8727 0.19 81.10 011  71.37

we study improvements to scene flow on the dense Kubric-
4D static benchmark and 3D tracking on LSFOdyssey
benchmark by incorporating different input modalities.
From Tab. 4, we observe that adding geometry signifi-
cantly improves APD and EPE for 3D points. Adding
doppler further improves scene-flow, with the best perfor-
mance achieved when all modalities are provided.

Choice of Motion Representation: While allocentric
motion Fyy, is arguably the useful quantity for downstream
applications, it is possible to represent the predicted scene
flow output in 4 ways:
¢ Allocentric Scene Flow: Directly predicting Fallo~
¢ Egocentric Scene Flow: Predicting egocentric scene
flow Fego, and using estimated geometry to recover al-
locentric motion as:
Fao = Tt—>t+1(P(;j + Fego) -P
* 3D Points After Motion: Predicting view-aligned
pointmaps at time 0 and t - P} and P/, and recovering
the allocentric motion:
FaHo:PtU_Pé}
* Backprojected 2D Flow: Unprojecting optical flow to
obtain covisible scene flow between pointmaps.
We systematically investigate these choices in Tab. 5 and
Fig. 5. We find that directly predicting allocentric motion

Kubric-4D Static Camera LSFOdyssey

Dynamic Points  Scene Flow  Dynamic Points  Scene Flow

Representation Type  EPE| APDT EPE| 71 EPE] APDT EPE| 71

Backprojected 2D Flow 2.14 19.44 .16 75.69 049 57.21 027 70.11
3D Points After Motion 1.24 17.33 058 21.84 0.24 69.30 038  21.87
Egocentric Scene Flow 1.26 19.43 012 8537 0.4 71.80 0.14  65.13

Allocentric Scene Flow  1.23 19.53 0.10 87.51 0.24 73.95 0.10  71.46

leads to optimal performance not only on scene flow, but
surprisingly, also on dynamic pointmaps after motion, com-
pared to directly predicting points after motion as adopted
otherwise in [16].

Limitations: Although Any4D takes a step forward to-
wards achieving 4D reconstruction models, we identify im-
portant limitations. Firstly, we always calculate scene-flow
from the reference (first) view to all other frames in the se-
quence, necessitating that the object of interest should be
present at the start of the video. One possible way to alle-
viate this is by training Any4D in a permutation invariant
manner as in [83]. Secondly, we assume perfectly simu-
lated multi-modal input and do not account for sensor noise
- which is hardly true for real-world deployment. Finally, as
with all data-driven architectures, generalization is a func-
tion of the diversity and size of the training set. We believe
that Any4D’s performance on highly dynamic scenes and
wide baselines (or low frame-rate videos) can be improved
with the availability of richer dynamic 3D datasets[70].

5. Conclusion

We presented Any4D, a unified model that enables dense
4D reconstruction of dynamic scenes from both monocu-
lar and multi-modal setups. In Any4D, we chose a factor-
ized output representation of 4D scenes, which allowed the
use of diverse data for training at scale with partial super-
vision for auxiliary sub-tasks, in addition to the target task
of dense scene flow estimation. Any 4D is flexible, and sup-
ports optional multi-modal inputs. Importantly, we showed
through our experiments that our joint training scheme pro-
duces generalizable view embeddings that improve perfor-
mance whenever inputs such as depth and egocentric radial
velocity (doppler) may be available to support the output
prediction quantities. Finally, due to the feed-forward na-
ture of Any 4D, we saw that one can obtain dynamic scene
estimates an order of magnitude faster than existing meth-
ods such as SpatialTrackerV2 [86], by exploiting N-view in-
ference. We believe Any4D will ultimately enable real-time
4D scene reconstruction for applications such as Generative
Al, AR/VR and Robotics, and serve as a foundational 4D
reconstruction model.
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Table S.1. List of Datasets used to train Any4D

Dataset Dynamic Scene Flow Domain # Scenes
BlendedMVS X X Outdoor & object centric 500
MegaDepth X X Outdoor 275
ScanNet++ X X Indoor 295
VKITTI2 v X AV 40
Waymo-DriveTrack v v AV 1500
GCD-Kubric v X Synthetic random objects 5000
CoTracker3-Kubric v v Synthetic random objects 5000
Dynamic Replica v v Synthetic humans & animals 500
Point Odyssey v v Diverse Synthetic assets 159

A. Training

Datasets: We train on a combination of static and dy-
namic datasets with varying levels of supervision. For su-
pervision geometric quantities - depth, intrinsics, and camra
poses, all the datasets in S.1 are used. For scene flow
supervision, we only rely on Kubric (from CoTracker3),
PointOdyssey and Dynamic Replica, as they contain both
diverse camera and scene motion crucial for learning good
scene flow. We find that VKITTI-2 sequences span mini-
mal scene motion while data from GCD lacks good camera
diversity, and thus, only use them for geometry supervision.

Implementation Details: We initialize Any4D’s weights
with the public MapAnything checkpoint. The doppler
scene-flow encoder, and the scene-flow DPT decoder are
initialized and learnt from scratch. We train the entire net-
work with a learning rate of le-5, 5e-7 and le-4 for the
entire network, the DINOv2 Image encoder and the Scene-
flow DPT decoder respectively. We use a warmup of 10
epochs, and finetune the network for a total of 100 epochs,
covering approximately 120k gradient steps in total on 8
H100 GPUs. The images and respective quantities in each
batch cropped and resized to 518 image width, with a ran-
domized height-width aspect ratio between 0.5 and 3. Dur-
ing each gradient step, we sample upto 4 views from each
dataset, with a variable batch size of upto 24 views per
GPU. As illustrated in Fig. S.1, we find that 4-view train-
ing is critical for generalizing with multi-view inference.

B. Benchmarking Setup Details

For the TAPVID-3D PStudio dataset and DriveTrack
datasets, we evaluated on a uniform subset of 50 sequences
from all available datasets and use the first 64 frames for
evaluation. Since the dataset is extremely sparse and each
sequence only contains at most a few hundred point queries,
we use all points for benchmarking. For Drive-Track, we
filter 50 sequences that contain non-zero allocentric motion.
For the Dynamic-Replica and LSF-Odyssey datasets, we fil-

Multi-view finetuning ablation for multi-view generalization

Any4D: 2-View training
0.26{ —— Any4D: 4-View training

0.24

Scene-Flow EPE

: ‘ Numsber of Views at m(ein(e = .
Figure S.1. 4-View training is key to enabling multi-frame gen-
eralization during inference. Any4D trained with 2 views results
in higher EPE at higher number of input views. In contrast, the 4-
view model exhibits stable behaviour even at 64 views.

ter out static points (i.e., points with zero allocentric mo-
tion) and use dynamic points as queries for our benchmark-
ing, to maintain homogeneity with the 2 other datasets and
emphasize benchmarking of dynamic elements of a scene.
We acknowledge that our evaluation is similar to [16].

i\

m&

Figure S.2. Doppler Scene Flow is simulated as radial component
of ego-centric scene flow.

C. Multi-Modal Conditioning

Simulating Doppler Velocity: As shown in Fig. S.2, we
simulate the Doppler velocity from egocentric scene flow
labels. More specifically, given a 3D point j = [z, y, 2] and
its corresponding ego scene flow vector ¥ = [Az, Ay, Az],
the simulated Doppler velocity v, is defined as the projec-
tion of the motion vector into the radial direction of each
ray. This is simply the normalized vector from the origin
of the radar to the point p. The Doppler (radial) velocity is
computed as:

p-v xz-Arxty-Ay+z-Az
/()7,27:

(FZ Va2 4y 4 22




Images Images-only Images+Geometry Images+Geometry+Doppler

Figure S.3. Qualitative visualizations of Any4D estimating 3D geometry and point tracking on TAPVID-3D Waymo Drive-Track
sequences. As visible, the image-only variant (column 1) sometimes produces an offset to the scene flow at the edges. However, the
predictions improve whenever sparse geometry (column 2) and doppler annotations are available (column 3).

sl N
I ‘ A
BCCS -
Figure S.4. Qualitative visualizations of Any4D limitations. Videos with large camera motion inducing no visual overlap of background

or scene motion dominating the image space are common failure modes for Any4D. We believe that the availability of large-scale dense
scene flow and 3D tracking datasets and integrating real-time optimization is key to overcoming these limitations.
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