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Abstract

Reconstructing high-fidelity and controllable digital twins from multi-modal sen-
sory observations is a fundamental problem in physical AI applications. While
existing per-scene optimization methods handle dynamic driving scenes well, they
are slow to optimize, have artifacts at novel viewpoints, and require costly manual
annotations for decomposing the scene into controllable instances. Self-supervised
generalizable reconstruction methods enable faster and more scalable reconstruc-
tions by learning from large datasets, but existing approaches do not fully leverage
multi-modal inputs (e.g., camera and LiDAR) and lack decomposition capabilities.
To address these limitations, we propose STRIDE, a self-supervised, generaliz-
able and decomposable 4D driving scene reconstruction method. By processing
multi-modal sensory inputs in a common 3D space with a Point-Transformer,
STRIDE efficiently discovers spatio-temporal correspondences necessary for ac-
curate flow prediction. By incorporating latent instance tokens, STRIDE is the
first to perform feed-forward reconstruction and learnable decomposition with-
out manual annotations. Experiments on public driving datasets show STRIDE

achieves state-of-the-art performance on recovering geometry, appearance, and
3D flow. Moreover, we demonstrate how learned decompositions can enable dy-
namic instance manipulation and controllable simulation. Project website is at
https://waabi.ai/stride/.

1 Introduction

Reconstructing dynamic 3D scenes from sensor data is a fundamental task in physical AI domains
such as self-driving and robotics. It enables creating high-fidelity digital replicas of the physical
world that support realistic and diverse simulation for validating and training autonomous systems.
To be useful, a 4D reconstruction method should accurately capture scene geometry and dynamics,
effectively integrate multi-modal sensor data (e.g., camera and LiDAR), generate and render scene
representations efficiently, and produce decomposable representations for downstream editing.

Recently, 3D Gaussian Splatting (3DGS) [19] has emerged as an effective representation, offering
real-time rendering and high-quality novel view synthesis by modeling scenes as a set of learnable
Gaussian primitives. Building on 3DGS, existing methods [62, 20, 16] have enabled reconstruction
of dynamic driving scenes by decomposing them into a static background and a set of dynamic actors
using human annotations such as 3D tracklets or segmentation masks. While achieving impressive
results, these methods optimize a separate set of Gaussian primitives for each individual scene, which
is time-consuming. As a result, they tend to memorize the input views rather than learning the
underlying scene structure, leading to artifacts under novel viewpoints. Moreover, their reliance on
costly annotations for separating static and dynamic elements restricts scaling to unlabeled data.
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Figure 1: STRIDE performs self-supervised, generalizable and decomposable 4D driving scene reconstruction.

To address these limitations, generalizable reconstruction [7, 44, 28, 52, 45] is an alternative paradigm
where a neural network is trained across a large dataset of dynamic scenes to predict Gaussian primi-
tives directly from raw sensor inputs. This approach produces robust representations under viewpoint
extrapolation [8, 45] and imperfect calibration [23, 55]. It also enables efficient reconstruction, since
inference typically is only a single network pass. By leveraging self-supervised learning, recent works
[45, 52] bypass the need for dense 4D annotations, enabling scaling to unlabeled data. However,
existing methods remain limited in the sensor modalities they can exploit. Camera-only approaches
such as STORM [52] and DrivingRecon [28] do not leverage input LiDAR data, and reason in 2D
image space where perspective distortion complicates geometry and motion modeling. Conversely,
the LiDAR-centric Flux4D [45] reasons in 3D to achieve strong geometric fidelity, but the inherent
sparsity of LiDAR-dependent Gaussian initialization leaves distant regions under-represented. Addi-
tionally, existing methods are limited by their architectural designs. Convolutional backbones [45, 28]
suffer from limited receptive fields that cannot capture object motion across sparse frames. Conversely,
fully-connected transformers [52] perform inefficient global attention for scene reasoning.

Beyond sensor modality and architectural design, achieving decomposable scene representations
remains a major challenge for 4D reconstruction of dynamic scenes. Many downstream applications,
such as scene editing and controllable simulation, require the dynamic scene to be parsed into distinct
object instances rather than an unstructured set of Gaussian primitives [33]. Recent self-supervised
methods [29, 38, 25] have shown that instance-level decomposition can emerge without explicit
labels, but they rely on initializations from pre-trained 2D instance segmentation models and per-
scene optimization with scene-specific regularization [38, 25], or on post-processing heuristics (e.g.,
DBSCAN clustering on LiDAR points [29]) that require careful parameter tuning during inference
time, limiting their scalability to diverse real-world scenes.

To address these challenges, we propose STRIDE, a self-supervised, generalizable and decomposable
multi-modal 4D spatio-temporal reconstruction model capable of performing precise reconstruction
and dynamic instance decomposition in a single forward pass. STRIDE leverages sparse LiDAR to
accurately anchor dense multi-image observations in a shared 3D space, creating a unified spatio-
temporal representation which is then processed by a Point Transformer [48] to efficiently aggregate
local contextual cues and predict accurate scene geometry and flow. Importantly, by associating each
dynamic Gaussian primitive with a latent instance token, STRIDE generates a decomposable 4D
scene. Extensive experiments on the Waymo Open Dataset [39] and PandaSet [49] demonstrate that
STRIDE achieves state-of-the-art performance on 4D scene reconstruction with multi-modal inputs,
outperforming existing approaches in scene flow estimation, image fidelity, and geometric accuracy,
while also learning dynamic instance decompositions for scene editing. Overall, this work proposes a
novel multi-modal reconstruction architecture and introduces learnable instance decomposition.

2 Related Work

Per-scene Reconstruction Differentiable rendering approaches such as NeRF [31] and 3DGS [19]
were first introduced for high-quality static scene reconstruction and later extended to dynamic
driving scenes. A common paradigm decomposes the scene into a static background and a set of
dynamic actors using human annotations (e.g., 3D bounding boxes or semantic masks) [33, 54,
50, 62, 20, 16, 10, 42]. While these methods achieve impressive visual fidelity, they optimize a
separate representation for each scene, which limits generalization to novel viewpoints and incurs high
computational cost. Moreover, their reliance on 3D annotations increases cost and limits scalability
to large unlabeled datasets. To eliminate annotation dependence, self-supervised per-scene methods
leverage motion cues, cycle consistency, and physics-informed priors [53, 9, 17, 34, 47, 40] to
decompose static and dynamic elements directly from data. However, they typically require complex
multi-stage training such as separately estimating geometry and motion [34, 40] or pre-trained vision
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models [32, 59] to provide pseudo labels, making them sensitive to hyperparameters and difficult to
scale.

Generalizable Reconstruction To overcome the lack of efficiency and generalization bottlenecks
of per-scene optimization, generalizable reconstruction methods train networks across many scenes
to predict scene representations directly from observations [5, 46, 4]. In the driving domain, several
feed-forward approaches have been proposed to handle dynamic urban scenes [41, 30, 6], but they
still rely on 3D tracklets for dynamic actor handling, limiting their scalability to large unlabeled
datasets. To eliminate this annotation dependence, self-supervised approaches predict 3D Gaussians
and their velocities without explicit labels [52, 28, 45, 58]. However, these methods suffer from
limitations in both sensor modality and architectural design. STORM [52] and DrivingRecon [28]
are camera-centric and cannot leverage LiDAR, a ubiquitous sensor in self-driving that provides
accurate depth measurements. They also reason densely in 2D image space rather than in the native
3D space of Gaussian primitives, limiting their ability to recover accurate 3D geometry and scene
flow. Conversely, Flux4D [45] decodes Gaussians directly from LiDAR points, achieving strong
geometry but struggling in regions (e.g., distant buildings) with sparse LiDAR coverage. Our approach
addresses these limitations by reasoning in 3D via Point Transformers [48] over image pixels lifted
with learned dense depth without requiring any annotations.

Instance Decomposition for Driving Scenes Beyond reconstruction quality, applications such
as scene editing and simulation require a decomposable representation where Gaussian primitives
are parsed into distinct object instances typically via 3D annotations [54, 30]. Most recently, self-
supervised methods [38, 25] demonstrate that instance-level decomposition can emerge without
explicit 3D cuboid labels. Specifically, DIAL-GS [38] leverages a pre-trained 2D instance segmen-
tation model [14] and 2D tracking [1] to initialize instances, and then exploits appearance-position
inconsistency to identify dynamic instances and assign instance-aware 4D Gaussians. IDSplat [25]
uses zero-shot video tracking anchored by LiDAR with a coordinated-turn smoothing scheme to
obtain instance trajectories. UniRe [29] adopts DBSCAN clustering on LiDAR points. However, all
these approaches rely on pre-trained instance models as initialization and per-scene optimization with
scene-specific regularization, or on post-processing heuristics which require careful parameter tuning
during inference time, limiting their scalability to diverse real-world scenes. In contrast, although our
method uses DBSCAN as initialization, it learns to refine the imperfect initialization during training
through a set of learnable instance tokens that are jointly optimized with reconstruction, and it does
not require any test-time optimization or hyperparameter tuning at inference time.

Image and Point Cloud Processing Architectures Convolutional Neural Networks (CNNs) [22]
were the first widely adopted architectures for 2D image processing [18, 15, 37, 21], due to their pa-
rameter efficiency, local inductive bias, and translation invariance. These networks were subsequently
extended to 3D to operate on voxelized point clouds [51, 57], often enhanced by sparse convolution
operations [26]. However, CNNs struggle to capture long-range dependencies due to their limited re-
ceptive fields. More recently, Vision Transformers (ViTs) [12], which process a tokenized image input
via self-attention, have emerged as a more scalable alternative for 2D images. Standard ViTs suffer
from a critical computational bottleneck due to the quadratic cost of modeling pairwise interactions
between all tokens. Efficient variants [27, 11] were later introduced, restricting attention operations
to token subsets. However, these architectures rely on the image’s underlying grid structures, making
them unsuitable for unstructured 3D points. To bridge this gap, recent methods [48, 60] introduce
structure to point clouds via serialization, allowing more efficient self-attention operations within
serialized chunks. Our method adopts PTv3 [48] to efficiently process spatio-temporal observations.

3 High-Fidelity Decomposable 4D Scene Representations with STRIDE

Given a sequence of posed camera images and LiDAR point clouds, we aim to reconstruct the
underlying 4D scene in a feed-forward manner. This representation should capture scene geometry,
appearance, motion, and dynamic instance decompositions. To this end, we propose STRIDE, a
multi-modal transformer-based architecture that predicts Gaussian primitives with associated flow
and dynamic instance assignments. STRIDE consists of three key stages, illustrated by Fig. 2. First, a
multi-modal feature extraction stage encodes LiDAR and camera inputs into a unified spatio-temporal
feature representation. Next, a 4D scene reasoning stage processes this representation to decode a
set of Gaussian primitives. Finally, a learnable decomposition stage associates dynamic Gaussian
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Figure 2: Overview of STRIDE. Given multi-view images and LiDAR depths over T source timestamps, STRIDE

predicts dense depths, sky masks and image features with a vision transformer. We then lift and aggregate
foreground non-sky image features across frames (colors represent times), and use a 3D point transformer to
output foreground 3DGS. A parallel sky point transformer (not shown here in the figure) processes the sky
region. The dynamic instance decomposition stage then learns to associate each dynamic 3DGS primitive to an
instance token.

primitives to a set of latent tokens, creating instances based on token assignments. We now detail the
problem formulation, architecture of each stage, and self-supervised training objectives.

3.1 Problem Formulation

Our model takes as input multi-modal sensory observations from a modern self-driving platform,
consisting of 3D LiDAR point clouds P(t) 2 RNt⇥3 and multi-view camera images I(t,v) 2
RH⇥W⇥3 captured across timesteps t and views v, along with calibration parameters to transform
between the 3D space and each 2D image space. Following [52, 45], our model outputs a set of 3D
Gaussians {gi} to model the underlying scene. Each Gaussian gi is parameterized by its centroid
position (µi 2 R3), scale (�i 2 R3), orientation quaternion (qi 2 R4), color (zi 2 R3), opacity
(↵i 2 R) and a velocity vector (vi 2 R3). Our model additionally learns to decompose the scene into
a static component and a set of dynamic instances. Specifically, Gaussians in the scene are partitioned
into either the static set Gstatic or one of M dynamic instance sets {Gm

dyn}Mm=1.

3.2 Multi-Modal Feature Extraction with Vision Transformers

To reconstruct high-fidelity 4D scene representations, it is crucial to fully leverage image observations
for their dense appearance and semantic cues. However, lifting them to 3D requires accurate per-pixel
depth. On the other hand, LiDAR provides accurate but sparse geometric measurements. To exploit
both, our approach performs LiDAR-guided depth estimation to physically anchor the visual features
in 3D. For each camera image I(t,v), we project the LiDAR points P(t) onto the image to derive
a sparse LiDAR depth map D(t,v)

lidar 2 RH⇥W . We additionally define a LiDAR depth availability
mask M(t,v)

lidar 2 {0, 1}H⇥W to explicitly distinguish pixels without a LiDAR depth measurement. We
concatenate (I(t,v),D(t,v)

lidar ,M
(t,v)
lidar ) to form a 5-channel input, which we then process using a vision

transformer (ViT) encoder [12]. The ViT first encodes the image into a sequence of positionally
encoded tokens. The image tokens are subsequently processed with multiple self-attention layers [43],
and decoded by parallel multi-layer perceptron (MLP) layers to obtain per-pixel depth estimation
D(t,v) 2 RH⇥W , sky mask S(t,v) 2 [0, 1]H⇥W and feature maps F(t,v) 2 RH⇥W⇥C . We use the
predicted sky mask to decouple the sky and foreground entities.

3.3 4D Scene Reasoning with Point Transformers

Foreground Point Feature Construction We now lift foreground image features into a unified 3D
feature representation. Reasoning explicitly in 3D is essential for accurately predicting 3D scene flow,
as it naturally resolves 2D perspective distortions and operates on metric distances. Specifically, we
back-project each foreground pixel feature in F(t,v) using the predicted depth and known calibration
parameters to obtain a 3D point feature, which is subsequently augmented with embeddings of 3D
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xyz coordinates, camera time t, view v, and pixel ray directions [35]. We aggregate these 3D point
features across all views v and times t to obtain a unified 3D feature point cloud Ffg.

Point-Transformer Backbone We adopt a point transformer backbone [48] to predict scene
appearance, geometry, and flow from Ffg. Prior feed-forward reconstruction works predominantly
rely on sparse 3D convolution backbones [45, 36], which suffer from limited receptive fields due to
their local convolution kernels, and thus struggle to capture long-range correspondences necessary
for accurate flow estimation (e.g. on high-speed actors). In contrast, point transformers efficiently
capture non-local dependencies via multi-scale patch-based attention. STRIDE treats foreground 3D
features Ffg as point tokens and processes them with a point transformer. The refined point features
F 0

fg are fed into MLP decoders to predict Gaussian parameters for each 3D foreground point.

Sky Modeling While foreground pixels can be assigned a specific 3D position, the depths of sky
pixels are typically not well-defined or significantly farther away. Therefore, we model the sky with a
sky dome, following [45]. Specifically, we initialize a template Fibonacci point cloud sphere with
a pre-defined radius of 400 meters, and use the learned sky mask to filter out points that do not
project onto the sky regions of any input image. Each point’s feature is initialized as its 3D xyz
coordinates, rgb values via image projection, and a 3D scale based on the point’s average distance to
its three nearest neighbors. This constructs a Nsky ⇥ 9 input. We adopt a separate lightweight point
transformer to process the initial sky points and decode the parameters for Nsky sky Gaussians.

3.4 Dynamic Object Decomposition

In this stage, we organize the foreground Gaussian primitives into a more structured object-centric
representation. Crucially, Gaussians moving together belong to the same underlying instance.
Therefore, dynamic instance decomposition can emerge from the same motion cues that self-supervise
scene flow. To this end, this stage introduces a set of latent dynamic instance tokens, where each
token represents a single moving entity in the scene. Each Gaussian primitive is then associated to a
single instance token, creating dynamic instance decompositions based on token associations.

Initialization To efficiently decompose dynamic instances, we first isolate the dynamic Gaussians.
For each foreground Gaussian gfg,i with an associated velocity vi, we apply a velocity threshold ⌧
and obtain a set of Ndyn dynamic point features Fdyn = {f 0fg,i | kvik2 > ⌧}. Next, we initialize a
set of spatial instance tokens by first aligning the dynamic Gaussians to a common reference time
and then clustering them based on their spatial proximity via DBSCAN [3], yielding a set of cluster
centroids {cj}Mj=1. From each cluster centroid, we initialize an instance token with the centroid’s 3D
position and a learnable token embedding, yielding an initial set of M instance tokens {tj}Mj=1.

Token-Point Association We associate dynamic Gaussians to tokens via a differentiable similarity
matrix. To compute this, we concatenate the spatial point features and instance tokens, and process
them jointly through another Point Transformer responsible for decomposition. The output is an
updated set of point features {f 0dyn,i}

Ndyn
i=1 and token features {tj}Mj=1. Next, we compute the feature

similarity between Gaussian i and token j:

dfeat(i, j) = 0.5 ·
 

Hp(f 0dyn,i)
>Ht(tj)

kHp(f 0dyn,i)kkHt(tj)k
+ 1

!
, (1)

where Hp and Ht are MLPs projecting the point and token features into a shared latent space,
and the normalization ensures the similarity score is in the range [0, 1]. In addition to feature-
based similarity, we inject a spatial bias term, as intuitively, an instance token should not govern
faraway Gaussians. To achieve this, we compute a spatial alignment term between per-Gaussian
centroid µi and token centroid cj : dspatial(i, j) = kµi � cjk2. Finally, we also predict an existence
term ⇣j = Sigmoid(MLP(tj)) for each token, allowing our model to directly suppress redundant

tokens. The final similarity score is computed as si,j = ⇣j

✓
dfeat(i, j)� min(1,�spatialdspatial(i, j))

◆
,

where clamping is applied to handle instances with large spatial extent. Based on these similarity
scores, we construct an explicit decomposition of the dynamic Gaussian primitives: Gm

dyn = {gi |
argmaxj si,j = m}.
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3.5 Self-Supervised Training Objectives

Our model is trained with self-supervised training objectives in two stages. In the first stage, we train
the multi-modal feature extraction and 4D scene reasoning modules to decode accurate geometry,
appearance and motion of the scene. In the second stage, we train the dynamic instance decomposition
module while keeping the previous modules frozen.

Reconstruction Supervision Following previous work [52], we use the predicted velocities to
move all Gaussians with a linear motion model to render at a target time step. We employ standard
photometric reconstruction losses Lphoto and a velocity regularization term Lv-reg =

P
N

i
kvik1. The

photometric loss is a combination of L2 rendered RGB loss, perceptual loss [61], and L1 rendered
depth loss. Following [52], we also employ an opacity loss Lopacity to encourage zero rendered opacity
in the sky region. In addition, we incorporate an L1 loss Lmde to supervise D(t,v) against sparse
D(t,v)

lidar , as well as a binary cross-entropy sky mask loss Lsky =
P

t,v
BCE(S(t,v),S⇤(t,v)), supervised

by off-the-shelf sky segmentation masks S⇤(t,v) following [52]. The final loss term in this stage is a
weighted sum Lrecon = Lphoto + �v-regLv-reg + �opacityLopacity + �mdeLmde + �skyLsky.

Decomposition Supervision To supervise the assignment similarity si,j without human-annotated
instance labels, we leverage the intuition that Gaussians belonging to the same dynamic instance
should move together. Therefore, motion cues from Lrecon should naturally provide a supervision
signal for learning dynamic instance decomposition as well. To achieve this, we simply need each
Gaussian’s velocity to be a differentiable function of its instance assignment. Thus, for each instance
token j with feature tj , we use an MLP to decode a velocity vtok,j 2 R3. Then, for each dynamic
Gaussian i, we assign an instance-dependent velocity

ui =
X

j

wi,jvtok,j + tanh(MLP(f 0dyn,i)), (2)

where the first term decodes velocity from token associations with wi = one_hot(argmax(si)), and
the second term introduces a per-Gaussian residual velocity to capture non-rigid deformations. We
constrain the residual velocity with a tanh activation such that ui should be primarily dominated by
the token velocity. By replacing the original per-Gaussian velocity vi with the token-based per-point
velocity ui, the reconstruction loss Lrecon supervises both the token velocities and assignments,
naturally clustering Gaussians that move together into the same instance. Since wi,j is a discrete
argmax assignment, we adopt the Straight-Through Estimator (STE) [2] in the backward pass to
enable our instance learning formulation.

The reconstruction objective alone, however, may not be sufficient to discourage over-decomposition,
where excess token initialization may lead to multiple tokens governing different parts of the same
instance. To mitigate this, we introduce a spatial smoothness prior that encourages spatially close
Gaussians with similar velocities to share the same token assignment. For each dynamic Gaussian i,
we first find the most popular instance assignment among its spatial and kinematic neighbors:

ŷi = Mode

⇣n
argmax(sk)

��� kµi � µkk2 < ⌧dist, kvi � vkk2 < ⌧vel

o⌘
, (3)

where ⌧dist and ⌧vel are pre-defined thresholds. We then align the point’s soft assignment distribution
with this local consensus via a cross-entropy loss: Lsmooth =

P
i
CE(softmax(si), one_hot(ŷi)). By

penalizing deviations from the local majority, this loss suppresses over-decomposition and encourages
kinematically cohesive regions to collapse onto a single instance token. The overall loss term in this
stage is Ldecomp = Lphoto + �v-regLv-reg + �smoothLsmooth.

4 Experiments

We now evaluate STRIDE in terms of 4D scene reconstruction and dynamic instance decomposition.
First, STRIDE improves 3D flow estimation and dynamic actor reconstruction, primarily through
leveraging multi-modal inputs with a point-transformer backbone. Second, our learnable decomposi-
tion module can further improve over a strong clustering-based baseline [3]. We detail experimental
setup, baselines, and results in this section. Please refer to the appendix for more details.
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Method Model Input Dynamic Full Image† Scene Flow

Camera LiDAR PSNR" SSIM" D-RMSE# PSNR" SSIM" D-RMSE# EPE3D# Acc 5" Acc 10" Angle#

STORM [52] X 22.10 0.624 7.50 26.38 0.794 5.48 0.276 81.12 85.61 0.658
STORM+⇤ [52] X X 22.57 0.661 4.20 27.34 0.830 2.22 0.200 86.27 89.39 0.485
Flux4D-ff⇤ [45] X X 20.62 0.548 8.71 23.16 0.707 4.98 0.246 89.85 91.62 0.436
Ours X X 23.16 0.698 3.89 27.21 0.829 2.14 0.161 91.32 93.05 0.307

Table 1: [WOD] 4D Reconstruction results. ⇤ denotes our re-implementation. † denotes non-sky region.

Split Method Dynamic Full Image†

PSNR" SSIM" D-MAE# V-RMSE# PSNR" SSIM" D-MAE# V-RMSE#

In
te

rp
. STORM⇤ [52] 17.65 0.367 5.24 0.203 20.79 0.508 4.80 0.238

STORM+⇤ [52] 18.39 0.382 2.59 0.195 21.82 0.520 1.38 0.204
Flux4D-ff [45] 18.62 0.454 2.06 0.181 20.88 0.575 1.37 0.211
Ours 18.92 0.444 1.54 0.131 22.39 0.583 0.91 0.154

Ex
tra

p.

STORM⇤ [52] 16.61 0.338 5.82 0.218 19.63 0.489 5.19 0.251
STORM+⇤ [52] 17.72 0.361 3.23 0.192 21.02 0.505 1.69 0.215
Flux4D-ff [45] 17.88 0.403 2.62 0.171 20.04 0.540 1.65 0.199
Ours 18.65 0.414 1.74 0.134 21.45 0.529 1.09 0.154

Table 2: [PandaSet] 4D Reconstruction results on interpolated frames and extrapolated frames. STORM⇤

results are from [45]. STORM+⇤ is our multi-modal re-implementation. † denotes non-sky region.

4.1 Self-Supervised and Generalizable 4D Scene Reconstruction

Experimental Setup We evaluate 4D reconstruction on two real-world driving datasets, Waymo
Open Dataset [39] (WOD) and PandaSet [49]. On WOD, we follow STORM’s sparse-input setup
and metrics [52], where we train and evaluate on 2-second clips consisting of 20 frames, with frame
0, 5, 10, 15 as input and evaluation done on the remaining frames. On PandaSet, we strictly follow
Flux4D’s dense-input setup and metrics [45], where we use 1.5-second clips, with frame 0, 2, 4, 6, 8,
10 as input and evaluate on frames 1, 3, 5, 7, 9 for interpolation and frames 11-15 for extrapolation.
We report PSNR, SSIM, depth and velocity errors for full images and dynamic regions. Please refer
to the appendix for more details.

Baselines We compare with self-supervised generalizable methods STORM [52] and Flux4D [45].
Since STORM only uses LiDAR for supervision, we implement a multi-modal variant STORM+ that
takes LiDAR depth maps and availability masks as input. For Flux4D, we use only its feed-forward
stage, denoted Flux4D-ff, for a fair comparison to feed-forward methods.

4D Reconstruction Improvements Results on WOD (Table 1) show that our method produces
significantly better scene flow as indicated by the EPE3D and flow angle metrics, enabling better
reconstruction quality on dynamic regions. While STORM+ has marginally better full image PSNR
and SSIM, it is significantly worse in dynamic regions and flow estimation, indicating a lower quality
scene representation. As Flux4D-ff relies solely on LiDAR for Gaussian initialization, it has weaker
performance in the sparse view setting. On the denser-input PandaSet setting, STRIDE again achieves

Ground Truth STORM STORM+ OursFlux4D-ff

Figure 3: Qualitative comparisons of rendered RGB and flow images against SoTA. Our method has better
image quality in dynamic regions, and produces more accurate flows, especially for the pedestrians on the right.
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Precision @ IoU Recall @ IoU
Method Mean" 0.1" 0.3" 0.5" Mean" 0.1" 0.3" 0.5"

DBSCAN [3] 51.03 58.27 52.29 42.54 71.43 82.62 72.30 59.39
Mask R-CNN [14] 63.17 71.62 65.23 52.66 71.88 76.36 73.55 65.74
Mask R-CNN [14] + Tracker [1] 47.25 55.32 48.72 37.71 73.11 83.73 76.19 59.42
DIAL-GS Dynamic Instance Labels [38] 33.93 38.38 34.59 28.81 23.88 26.69 24.47 20.48
Ours (Learned) 53.40 62.03 55.33 42.84 74.23 85.33 77.23 60.13

Table 3: [WOD] 2D Dynamic instance segmentation metrics.

Precision @ IoU Recall @ IoU
Method Mean" 0.1" 0.3" 0.5" Mean" 0.1" 0.3" 0.5"

DBSCAN [3] 44.23 58.35 45.14 29.19 52.25 69.28 52.78 34.70
Mask R-CNN [14] N/A N/A N/A N/A N/A N/A N/A N/A
Mask R-CNN [14] + Tracker [1] 43.33 58.97 43.86 27.18 52.86 70.50 54.34 33.73
DIAL-GS Dynamic Instance Labels [38] 33.54 43.34 35.13 22.15 16.39 20.57 17.32 11.30
Ours (Learned) 46.98 63.64 47.87 29.41 53.43 71.15 54.74 34.41

Table 4: [WOD] 3D Dynamic instance segmentation metrics.

the best overall performance on both interpolation and extrapolation views (Table 2). Fig. 3 shows a
qualitative example, where we have better image quality and more accurate flow estimation, especially
for the pedestrians on the right.

4.2 Dynamic Instance Decomposition

Setup A new capability enabled by our method is learnable dynamic instance decomposition. We
evaluate the per-frame dynamic instance decomposition quality in the same WOD setting, where our
model takes frame 0, 5, 10, 15 as input, and predicts 3DGS with velocities and instance IDs. We
adopt both 2D and 3D instance segmentation metrics on rendered 2D instance masks and 3D instance
segmentations respectively. Similar to the flow evaluation [52], we evaluate on input context frames.

Baselines As we are the first to propose the dynamic instance decomposition task in the self-
supervised, generalizable 4D reconstruction setting, we use the clustering-based initialization intro-
duced in Section 3.4 as a strong baseline. This also directly ablates the learning component of our
instance decomposition module. Unlike token initialization, which only uses cluster centroids, the
baseline directly uses the clustering outputs as the final instance decomposition. We additionally
design a few more baselines based on the per-scene instance-aware method DIAL-GS [38]. We run
the pre-trained 2D instance segmentation model Mask R-CNN [14] and a 2D tracker [1] to derive
per-pixel instance IDs, and then associate each 3DGS reconstructed by STRIDE with its source
pixel’s instance ID. On top of this, we evaluate DIAL-GS’s dynamic instance labels, which employ a
dynamic instance filtering heuristic after applying Mask R-CNN and tracking. As a reference, we
also directly evaluate the Mask R-CNN instances in 2D, which, unlike our method and other baselines
which perform instance segmentation in 4D, only provides per-frame 2D instances in the image space
and cannot be evaluated with 3D metrics.

Ground Truth RGB Our Predicted RGB GT Dynamic Instance Mask Our Learned Instance Mask  DBSCAN Instance Mask

Figure 4: Qualitative comparisons of rendered dynamic instance masks. While DBSCAN over-decomposes on
fast-moving and irregularly shaped actors, our method outputs a coherent mask for each instance.
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2D Backbone 3D Backbone Dynamic Full Image† Flow

PSNR" SSIM" D-RMSE# PSNR" SSIM" D-RMSE# EPE3D# Acc 5" Acc 10" Angle#

Cross-time ViT N/A 22.08 0.629 4.46 26.84 0.816 2.40 0.207 87.59 89.98 0.593
Per-image ViT SparseConvUNet 21.01 0.572 5.46 25.85 0.794 2.60 0.385 87.38 88.70 0.750

Per-image ViT PTv3 22.67 0.667 4.17 26.78 0.818 2.20 0.180 91.39 91.84 0.382

Table 5: [WOD] Backbone ablations. † denotes non-sky region.

Dynamic Full Image† Flow
ImageLiDAR

Depths
LiDAR
Points PSNR"SSIM"D-RMSE#PSNR"SSIM"D-RMSE#EPE3D#Acc 5"Acc 10"Angle#

X 21.45 0.587 7.96 25.56 0.770 5.80 0.313 85.81 87.96 0.742
X X 22.67 0.667 4.17 26.78 0.818 2.20 0.180 91.39 91.84 0.382
X X X 22.65 0.667 4.15 26.97 0.821 2.19 0.180 91.67 93.03 0.389

Table 6: [WOD] Input modality ablations. † denotes non-sky region.

Metrics We use the standard IoU-based precision and recall metrics for 2D and 3D dynamic instance
segmentation evaluation. For 2D metrics, we construct the ground-truth 2D dynamic instance masks
using ground-filtered LiDAR points inside human-annotated 3D bounding boxes of dynamic objects.
We match the predicted instance masks with the ground-truth instance masks via Hungarian matching,
and then compute precision and recall at different IoU thresholds. We report the mean precision and
recall over IoU thresholds 0.1, 0.3, 0.5. For 3D instance segmentation metrics, we similarly assign
each LiDAR point a ground-truth instance ID if it is inside a labelled cuboid, and not part of the
ground annotations. We then assign each LiDAR point a predicted instance ID based on the ID of
the 3DGS with the highest opacity at the queried LiDAR point. Each ID then corresponds to a point
set for us to measure 3D point-based IoU and derive per-frame instance metrics. The metrics treat
all static ground-truth actors as ignores, so the Mask R-CNN-related baselines are not penalized for
including static instances. Please refer to the appendix for more details.

Results As shown in Table 3 and Table 4, our learnable instance module consistently outperforms
all 4D instance segmentation baselines in almost all precision and recall metrics for both 2D and 3D.
Since the DBSCAN baseline is identical to the instance token initialization, this comparison shows
that improvements come purely from training with self-supervised 4D reconstruction signals and the
smoothness prior. Fig. 4 shows a qualitative example, where our method produces more coherent
instance masks for the cyclist and cars. This confirms our intuition that using the same motion cues
that supervise scene flow helps improve dynamic instance decomposition. In addition, Mask R-CNN +
tracker has limited occlusion reasoning and tracking in 2D. DIAL-GS’s view warping-based dynamic
filtering heuristic aggressively filtered out many dynamic actors, severely hurting both precision and
recall as the number of true positive matches decreased. With our learned instances, STRIDE enables
controllable scene manipulation, such as actor removal, injection, and placement as seen in Fig. 5.

4.3 Ablation

We perform ablations on backbone design, the multi-modal setting, and instance learning. For
efficiency, all ablations are on WOD and use a reduced training schedule (0.5⇥ steps and batch size).

Backbone Ablations To justify our ViT and PTv3-based backbone design, we ablate with the
backbones used in STORM [52] and Flux4D [45]. We replace our entire backbone with STORM’s
cross-time ViT backbone that directly reasons over 2D image-view tokens. Alternatively, we replace
our PTv3 with the 3D sparse-convolution UNet used in Flux4D, while keeping our multi-modal ViT
feature extractor. As shown in Table 5, our method outperforms both backbones in almost all metrics.
Cross-time ViT is slightly better on full image PSNR, but is noticeably worse on dynamic PSNR and
flow angles. SparseConvUNet performs worse than PTv3 for reasoning on sparse multi-modal inputs.

Input Modality Ablations Table 6 ablates our use of multi-modal inputs. We start with the
image-only setting, and then add the LiDAR depth and availability maps as input, which is our
main formulation. The third row further shows the results where we additionally feed image-feature-
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Ground Truth Actor Removal Actor Manipulation Actor Injection

Figure 5: Applications of STRIDE: Our instance decomposition enables scene editing such as actor removal,
manipulation, and injection, enabling creation of new scenarios for autonomy development.

decorated LiDAR points as input to the PTv3-based backbone. The image-only model result highlights
the importance of LiDAR inputs for better 4D reconstruction, while the additional LiDAR point input
gives a marginal performance gain at a higher computational cost.

Method Init Lsmooth Lrecon mPrec " mRec"
M1 X 51.03 71.43

M2 X X +17.77 -19.42
M3 X X +0.83 +1.34
M4 X X -23.50 -3.18
M5 X X X +2.37 +2.80

Table 7: Instance ablations. M2–M5 show � w.r.t. M1.

Instance Learning Ablations Table 7 ablates
our instance learning module. M1 is the DB-
SCAN baseline without any instance learning.
M2 aims to learn only with the smoothness
loss, which collapses to a degenerate under-
decomposing solution that assigns all spatially
close 3DGS to the same instance, resulting in
high precision but low recall. M3 learns only
with the 4D reconstruction loss through the in-
stance token velocities, and it achieves a small gain over the initialization, suggesting that the 4D
reconstruction-based self-supervision signal is helpful, but M5 shows that it is the best when com-
bined with the smoothness loss. Finally, M4 initializes the instance tokens with the simple Farthest
Point Sampling heuristic [13] instead of DBSCAN, indicating the importance of initialization.

5 Limitations

STRIDE achieves significant improvements on dynamic scene reconstruction and pioneers a learnable
approach to obtain decomposable scene representations. However, several limitations remain: (1)
complex (e.g. non-linear) object motions cannot be modeled by our constant-velocity motion model;
(2) our decomposition relies on motion cues, meaning it cannot decompose static objects; (3) our
backbone operates on all input observations aggregated across time, preventing seamless long-horizon
reconstruction due to memory constraints. These remain as exciting future directions to address.

6 Conclusion

We present STRIDE, a self-supervised, generalizable model for reconstructing large-scale driving
scenes from multi-modal sensory inputs. By processing a unified spatio-temporal representation
with 3D Point Transformers, our framework achieves superior reconstruction quality and scene flow
estimation, highlighting the importance of our 3D architectural design. Furthermore, we pioneer a
self-supervised approach to learn decomposable scene reconstructions in the feed-forward setting,
demonstrating that standard reconstruction signals can improve dynamic instance segmentation.
Overall, this work provides important architectural insights for 4D reconstruction, and establishes a
foundational step towards learnable object-centric scene decomposition.
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Appendix

In the appendix, we first provide more method details and implementation details. Then, we provide
additional details about the experimental setups, metrics, and additional evaluation results that were
not included in the main paper due to space limit. Finally, we provide more qualitative results.

A Method Details

A.1 4D Reconstruction Stage

We hereby provide more details about the 4D reconstruction backbone. Our multi-modal feature
extractor ViT first applies a downsampling 2D convolution with stride size p to the input image,
which gives us a feature map of size H

p
⇥ W

p
⇥C. We then add learnable positional encodings based

on the image patch locations. We adopt a ViT-S with feature dimension 384 and 6 attention heads,
and apply 12 layers of self-attention to the input features. We use p = 4 for WOD and p = 8 for
PandaSet. Our parallel MLP decoders consist of two layers with the GELU activation function. Each
MLP decodes p⇥ p values from each image token, which get reshaped to the input image resolution
for depth maps, sky masks and image features. We additionally apply the Sigmoid function on top
of the sky logits to obtain the soft binary sky masks. During the feature lifting process, we use the
ground-truth sky masks during training, and we apply a threshold of 0.5 to binarize the predicted sky
masks during inference.

For all point transformers, we use the standard implementation of PTv3 [48] (https://github.
com/pointcept/pointtransformerv3). For the 3D point transformer on lifted foreground pixels,
we set the grid size to 0.1m, feature dimensions to 128, stride size to 2, and use 4 encoder stages and
3 decoder stages with patch size 128. For the sky point transformer, we set the grid size to 0.1m,
feature dimensions to 64, stride size to 2, and use 3 encoder stages and 2 decoder stages with patch
size 128.

For the sky dome, we initialize a Fibonacci sphere with radius 400m and 6002 samples. We project
the template points into the images, and take the rgb color from the earliest image that has a valid
projection in the sky region defined by the sky mask.

For the foreground Gaussian MLP decoders, we use a linear layer to directly output Gaussian
parameters for each point feature. For the sky Gaussians, the sky PTv3 directly outputs the Gaussian
parameters in the last layer.

A full overview of the method is illustrated in Figure 6, which contains the sky branch as well.

During rendering, we combine all foreground Gaussians and sky Gaussians together to render RGB
color maps. We only use the foreground Gaussians to render depths.

A.2 Dynamic Instance Decomposition Stage

We set the velocity filtering threshold to ⌧ = 1.0. We use a lightweight instance point transformer
with grid size 4cm, 128 feature dimensions, 256 patch size, and 8 PTv3 blocks without down-
sampling or upsampling. We cap the max number of instance tokens to 200, using farthest point
sampling to subsample. We set �spatial to 0.1. For DBSCAN we adopt the hierarchical DBSCAN
implementation [3], and we set min_samples to 5.

A.3 Self-Supervised Training Objectives

Dynamic Instance Decomposition Supervision For instance-based velocity assignment, we use
a weight wi,j to indicate which token velocity each Gaussian i should take. A linear combination
based on similarity scores si,j would yield a soft assignment over instance tokens, while a direct
argmax would not be differentiable with respect to the full similarity matrix. Therefore, we use a
Straight-Through Estimator (STE) [2] over the softmax of similarity scores. Let si 2 RM be the

15

https://github.com/pointcept/pointtransformerv3
https://github.com/pointcept/pointtransformerv3


Updated Point Tokens (Nf x F)

PTv3
ViT

MLP Decoders

…

…Input Images (T x V x H x W x 3)

LiDAR Depths (T x V x H x W)

Dense Depths (T x V x H x W)

Image Features (T x V x H x W x C)

Aggregated Foreground Point Features in 3D (Nf x F)
* Color represents source image time step

…Sky Masks (T x V x H x W)

…

…

Unproject

Instance PTv3

Instance Tokens

Nf Foreground 3DGS with velo

4D Reconstruction Stage

Instance Masks

Dynamic Instance 
Decomp Stage

Colored Sky Dome (Ns x 3) Ns Sky 3DGS

Non-sky

Sk
y

MLP

Sky PTv3

Figure 6: Overview of STRIDE. In the 4D reconstruction stage, given multi-view images and LiDAR depths
over T source timestamps, we use a vision transformer to predict dense depths, sky masks and image features.
We then lift and aggregate foreground non-sky image features from all frames (colors represent input image
times), and use a 3D point transformer to output foreground 3DGS. A parallel sky point transformer processes
the sky region. The dynamic instance decomposition stage then learns to associate each dynamic 3DGS primitive
to an instance token.

vector of logits for Gaussian i. The discrete assignment vector wi is formulated as:

wsoft
i

= softmax(si) (4)

whard
i

= one_hot(argmax(si)) (5)

wi = whard
i

+wsoft
i

� sg(wsoft
i

) (6)

where sg(·) denotes the stop-gradient operator. As a result, during the forward pass, each Gaussian
i would only take the velocity of the instance token with the highest similarity score, while during
the backward pass, the gradients would be back-propagated to all instance tokens based on the soft
assignment weights.

Hyperparameters In practice, we set �v-reg = 0.005, �opacity = 0.1, �sky = 0.02, �mde = 0.02.
For the smoothness loss, we set �smooth = 0.0001, and the thresholds ⌧dist = 0.3 and ⌧vel = 3.0. We
use the same hyperparameters for both WOD and PandaSet.

Training Details On WOD, following STORM [52], we train with 8x downsampled images with
the same training schedule of effective batch size 64 for 100k iterations. We use the AdamW optimizer
with a learning rate of 1e-4 and a weight decay of 5e-3. We apply learning rate warm up for the
first 2k iterations and a cosine learning rate schedule with the minimum learning rate of 1e-5. On
PandaSet, we train with a batch size of 32 for 40k iterations. Since Flux4D evaluates on the full
resolution images, we take 4x downsampled images with 270⇥ 480 as input resolution and render
the Gaussians at the full 1080⇥ 1920 resolution for supervision.

B Experiment Details

B.1 Experimental Setup Details

Our evaluation of 4D scene reconstruction quality focuses on the self-supervised and generalizable

setting, comparing against SoTA methods STORM [52] and Flux4D [45]. STORM mainly conducts
experiments on the Waymo Open Dataset [39] (WOD) with sparse input frames, while Flux4D
primarily evaluates on dense input frames on PandaSet [49]. To showcase that STRIDE is robust to
both input frame densities, we evaluate with STORM’s setting on WOD and Flux4D’s setting on
PandaSet.

The Waymo Open Dataset [39] contains 1000 20-second sequences: 798 for training and 202 for
validation. We strictly follow STORM for the experimental setup and metrics. We use the 10Hz 360�
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LiDAR and three frontal cameras at an 8⇥ downsampled resolution (160×240). We conduct training
and evaluation on 2-second clips, which consist of 20 frames. For each clip, we use frame 0, 5, 10,
and 15 as input frames, and evaluate on remaining frames with PSNR, SSIM and Depth RMSE as
metrics for both full images and dynamic regions. To evaluate 3D flow, we report End-Point-Error
(EPE) in 3D (EPE3D), Acc5, Acc10, and flow angle errors [24, 52] on the input context frames.

PandaSet [49] contains 103 8-second sequences and strictly following Flux4D, we use 93 sequences
for training and 10 for validation. We use the front camera and the 360� LiDAR. We conduct training
and evaluation on 1.5-second clips where the input frames are frame 0, 2, 4, 6, 8, 10 and evaluation
is on frame 1, 3, 5, 7, 9 for interpolated novel views and frame 11-15 for extrapolated novel views.
Different from STORM’s setting, here the input frames are closer in time and the evaluation is
performed with the full resolution (1080⇥ 1920) images. Following [45], we report PSNR, SSIM,
Depth MAE and Velocity RMSE for both full images and dynamic regions.

B.2 Dynamic Instance Decomposition Metrics

We construct the ground-truth 2D dynamic instance masks as follows: (1) for each image under
evaluation, we first project all associated LiDAR points at the same timestamp to the image, which
gives us a LiDAR-point availability mask Mavail 2 {0, 1}H⇥W ; (2) we then take the LiDAR points
inside all object bounding boxes, and project them to the image to create a set of instance masks
Minst 2 {0, 1, . . . , N}H⇥W , where N is the number of instances in the image, and 0 represents
not associated to a dynamic instance. Note that since not all objects are dynamic, we further define
which ground-truth objects should be ignored. If a ground-truth instance has very small velocity
(with velocity magnitude under 1m/s), we mark it as ignore. If a ground-truth instance has too few
valid pixels ( 16) in the 2D instance mask, we also mark it as ignore.

For our predicted dynamic Gaussians with instance IDs, we render the 2D predicted instance mask
as follows. For each Gaussian, we construct a feature vector 2 RM , where M is the total number
of predicted dynamic instances. If the Gaussian is static, we assign this feature vector to all zeros.
Otherwise, we assign the feature vector with a one-hot encoding based on its instance ID. We then
render the Gaussian primitives with these feature vectors to the image plane, which gives us a rendered
instance mask Mpred 2 RH⇥W⇥M . We take the argmax over the feature dimension to get the final
predicted instance mask Mpred 2 {0, 1, . . . ,M}H⇥W , where 0 represents static Gaussians that are
not associated to any dynamic instance. If the max of the rendered feature vector is under a certain
threshold (0.1), we also mark the pixel as static with instance ID 0.

We evaluate on all pixels that are marked as 1 in the LiDAR availability mask. In other words, for
each predicted instance k, we only consider the pixels where Mavail(i, j) = 1 ^Mpred(i, j) = k.
For each ground-truth instance, as the instance mask is created from LiDAR points directly, using the
Minst alone is sufficient to find all valid pixels associated to each instance.

We conduct two rounds of matching between ground-truth instances and predicted instances. In the
first round of matching, we consider ground-truth instances that are not marked as ignore. For each
non-ignore ground-truth instance i and predicted instance j, we compute the intersection-over-union
(IoU) overlap of their available pixels in the image. We then use the Hungarian algorithm to find the
optimal matching between ground-truth and predicted instances based on the IoU scores, and we
consider a predicted instance as a true positive if its IoU with the matched ground-truth instance is
over a threshold (we consider thresholds 0.1, 0.3, 0.5). In the second round of matching, we consider
all valid ground-truth actors that are marked as ignore and match them with the remaining unmatched
predicted instances using the same Hungarian matching process. The number of true positives P
comes from the first round of matching. The number of matched ignores comes from the second
round of matching, which we denote as Q. The precision is then computed as P

M�Q
, where M is the

total number of predicted instances. The recall is computed as P

N�Q0 , where N is the total number of
ground-truth instances and Q0 is the total number of ground-truth ignore instances.

Following the flow metrics in STORM [52], we evaluate the instance metrics on all input frames. We
report the precision and recall under different IoU thresholds (0.1, 0.3, 0.5) and report the average
precision and average recall across all thresholds. We report the metrics only on frames with at least
one valid ground-truth instance, and we report the average metrics across all valid frames.
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For 3D segmentation metrics, the process is similar except how we construct ground-truth 3D
segmentation labels and predicted 3D instance masks. Since we only use three front cameras, we
only consider LiDAR points that are visible in these camera frustums, by projecting them to each
camera and only consider points with projected depth > 0.5m in at least one of the cameras. We
assign each LiDAR point a ground-truth instance ID only if it is both inside a labelled cuboid and not
part of the ground. We set the point to ignore if the ground-truth instance is static. For each LiDAR
point, we then assign its predicted instance ID by considering 10 nearest 3DGS primitives, and for
each 3DGS, we compute the opacity at the query LiDAR point with the full anisotropic density
density

i
(x) = opacity

i
· exp

⇣
� 1

2 (x� µ
i
)>⌃�1

i
(x� µ

i
)
⌘

. We then assign the point the instance
ID of the max-density Gaussian if the density is above a certain threshold (0.05), and compute the 3D
point-based IoU for evaluation.

B.3 Model Size

We compare the model size and inference speed of our method with STORM [52] and Flux4D [45].
For model size, we compare the number of parameters in the 4D reconstruction model. STORM has
100.6M training parameters, Flux4D has 4.29M training parameters, and ours has 41.13M training
parameters.

B.4 Inference Speed and Memory Scaling

STORM STRIDE
# Ctx Inf.(ms) Mem.(GB) Inf.(ms) Mem.(GB)

1 42 0.7 142 1.4
4 313 2.0 486 4.9
8 1125 3.7 953 9.2
12 2454 4.9 1430 13.5

Table 8: Runtime and memory comparisons.

Our PTv3 model leverages local patch-based
attention, which offers improved runtime effi-
ciency compared to fully-connected attention
transformers, employed by STORM. We bench-
mark the inference speed of a single forward
pass in the sparse-input WOD setting on a sin-
gle NVIDIA A6000 GPU with a batch size of 1.
Note the forward pass ends at 3DGS generation,
not including rendering. We measure runtime
and memory across different numbers of input context frames. The results are shown in Table 8.
Here we observe that inference speed scales quadratically with the number of input context frames in
STORM. On the other hand, the scaling is linear for our PTv3 backbone. Memory scaling is linear
for both, and higher in STRIDE by design, as it is able to maintain more fine-grained activations
throughout the network to yield superior reconstruction quality.

B.5 Backbone Ablations Setting

Since STORM’s backbone has 100M parameters while our model has 41M parameters, in the
backbone ablation for fair comparison we reduced the ViT channel size from 768 to 512, and number
of attention heads from 12 to 8, resulting in 43M model parameters. We additionally modified the
original Flux4D backbone to increase the depth and feature dimensions of the SparseConvUNet
model, resulting in 42M model parameters. For all 4D reconstruction ablation experiments, we halve
both the batch size and the training iterations for efficiency. We keep the rest of the training settings
(e.g., learning rate, optimizer, and loss weights) the same as the main STRIDE model.

B.6 Instance Learning Ablations

Precision @ IoU Recall @ IoU
Method Init Lsmooth Lrecon Mean" 0.1" 0.3" 0.5" Mean" 0.1" 0.3" 0.5"
M1 X 51.03 58.27 52.29 42.54 71.43 82.62 72.30 59.39
M2 X X 68.80 86.00 72.16 48.24 52.01 60.81 54.42 40.81
M3 X X 51.86 60.49 53.74 41.36 72.77 85.24 75.49 57.57
M4 X X 27.53 34.90 29.84 17.84 68.25 86.67 76.48 41.59
M5 X X X 53.40 62.03 55.33 42.84 74.23 85.33 77.23 60.13

Table 9: [WOD] Ablations on different components of the learned instance decomposition module.
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Due to space constraints in the main paper, we only report the mean precision and recall of different
rows. Table 9 shows the full results including precision and recall under different IoU thresholds,
which draw the same conclusions as the main paper.

B.7 DBSCAN Initialization Ablations

DBSCAN STRIDE
# Cluster mPrec mRecall mPrec mRecall

40 33.3 60.5 70.4 62.2
10 51.0 71.4 53.4 74.2
3 69.6 58.7 69.8 59.0

Table 10: Ablation on DBSCAN initialization.

DBSCAN provides the initial proposals used to
initialize the instance tokens, which are subse-
quently refined by our learnable decomposition
module. To evaluate sensitivity to this initial-
ization, we conducted additional experiments
by varying the DBSCAN parameters to produce
different levels of decomposition on our WOD
evaluation set. The results are shown in Table 10.
At the recall-optimal DBSCAN setting (row 2), STRIDE consistently improves both precision and
recall. The improvement is much larger under the more fragmented initialization (row 1), where
mPrecision increases from 33.3 to 70.4 while mRecall also improves from 60.5 to 62.2, showing that
instance learning effectively suppresses redundant tokens and consolidates over-segmented proposals.
Row 3 is an extreme under-decomposed setting with only three median clusters, where DBSCAN
recall has already dropped from 71.4 to 58.7. Although STRIDE is not designed to split merged
proposals, it remains stable and yields slight improvements over DBSCAN in both precision and
recall in this challenging setting. Overall, STRIDE is robust across variations in initialization and is
particularly effective at refining over-decomposed proposals.

B.8 Instance Learning Hyperparameter Ablations

⌧dist ⌧vel �spatial �smooth mPrec mRecall

0.5 3.0 0.1 1e-4 53.3 73.6
1.0 3.0 0.1 1e-4 52.9 74.0

0.3 1.0 0.1 1e-4 54.1 73.7
0.3 5.0 0.1 1e-4 53.6 73.4

0.3 3.0 0.0 1e-4 36.1 58.4
0.3 3.0 1.0 1e-4 52.7 74.4

0.3 3.0 0.1 1e-5 52.9 73.0
0.3 3.0 0.1 1e-3 63.2 64.0

0.3 3.0 0.1 1e-4 53.4 74.2

Table 11: Ablation on instance hyperparameters.

We ablated several key hyperparameters used
during instance learning, specifically the dis-
tance threshold ⌧dist and the velocity thresh-
old ⌧vel used in the smoothness loss, the spa-
tial weight �spatial used to anchor the similarity
scores, and the weight �smooth for the smooth-
ness loss. Table 11 shows the results when we
vary each of these hyperparameters, and the last
row reflects the default setting used in our main
experiments. The table shows the method is
generally not very sensitive to ⌧dist and ⌧vel, as
with varying values they still outperform the DB-
SCAN initialization. The ablation shows that
spatial weight is important, as setting it to zero leads to a significant drop in both precision and recall,
while increasing it to 1.0 has similar performance as the default 0.1. In addition, varying smoothness
loss weight shows a similar trend as the ablation study in Table 9. With a lower smoothness loss
weight (1e-5), supervision is more dominated by the reconstruction loss; the performance drops
compared to the default setting but is still better than using reconstruction loss alone (M3 in Table 9).
On the other hand, increasing the smoothness loss weight to 1e-3 gives more power to the smoothness
loss, leading to higher precision but lower recall, which matches well with M2 in Table 9.

C Additional Qualitative Results

4D Reconstruction We provide additional qualitative comparisons of the rendered RGB and flow
images against SoTA methods in Fig. 7 and Fig. 8.

Dynamic Instance Decomposition We provide additional qualitative examples of the instance
decomposition results in Fig. 9. We additionally randomly select a few qualitative examples and
present them in Fig. 10, which show general success and failure cases of our method.

Scene Editing We provide additional qualitative examples of the scene editing results in Fig. 11.
With our dynamic instance decomposition capability, we can easily remove objects from the scene,
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Ground Truth STORM STORM+ OursFlux4D-ff

Figure 7: Qualitative comparisons of rendered RGB and flow images against SoTA. Our method has better
image quality in dynamic regions, and produces more accurate flows. Flow color hues represent flow directions,
and flow color intensities represent flow magnitudes. Our gains are more apparent for smaller objects, slower
objects, and/or faraway objects.

change their placements, and inject new object instances (borrowed from other scenes) into the scene.
These editing capabilities are crucial for simulation and downstream autonomy applications.

D Broader Impact

STRIDE is a self-supervised, generalizable, and decomposable 4D reconstruction method for dynamic
driving scenes. Its ability to model dynamic urban environments from multi-modal sensory inputs
without manual annotations makes it useful for downstream tasks such as reactive simulation. Addi-
tionally, STRIDE supports object-centric decomposition, enabling scene editing operations such as
actor removal, manipulation, and injection, which may help generate diverse safety-critical scenarios
for autonomy development. Creating digital twins of real-world locations may raise privacy concerns.
Additionally, our system may exhibit unstable performance or unintended behavior on different
datasets, particularly when sensory data are sparse, noisy, or out of distribution. Its predicted flow

20



Ground Truth STORM STORM+ OursFlux4D-ff

Figure 8: Qualitative comparisons of rendered RGB and flow images against SoTA. Our method has better
image quality in dynamic regions, and produces more accurate flows. Flow color hues represent flow directions,
and flow color intensities represent flow magnitudes. We have better reconstruction quality in the dynamic
regions. In the challenging nighttime scene, we successfully reconstruct the flows of many pedestrians, while the
image-only STORM fails to detect any. This example highlights the importance of using LiDAR.

Ground Truth RGB Our Predicted RGB GT Dynamic Instance Mask Our Learned Instance MaskDBSCAN Instance Mask

Figure 9: Qualitative examples of instance decomposition results. Our learned approach successfully improved
over the clustering-based approach, which suffers from over-decomposition from noisy flow predictions and
partial observations of actors. The learned approach can leverage motion cues and spatial priors to group the
primitives into more complete instances.
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Ground Truth RGB Our Predicted RGB GT Dynamic Instance Mask Our Learned Instance Mask

Figure 10: Qualitative examples of our instance decomposition results. General qualitative results randomly
chosen from the validation set show that our method can successfully decompose dynamic instances in various
scenes. Some failure cases are also observed. For example, in the second row, we group the two pedestrians on
the right together, which is likely due to their proximity and similar motion. In the last row, there is a slight
over-decomposition on the red car.

Ground Truth Removal Manipulation Injection

Figure 11: Qualitative examples of scene editing results for actor removal, manipulation and new actor injection.
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and decompositions may also be imperfect, which could lead to inaccurate or misleading outcomes if
directly used by downstream systems without validation.

E Licenses of Assets

We summarize the licenses and terms of use for all assets (datasets, software, code) in Table 12.

Assets License URL
Datasets

PandaSet [49] CC BY 4.0 https://scale.com/open-av-datasets/pandaset

WOD [39] Custom https://waymo.com/open/terms/

Codebases

Point Transformer V3 [48] MIT https://github.com/Pointcept/PointTransformerV3

gsplat [56] Apache-2.0 https://github.com/nerfstudio-project/gsplat

Baseline Codebases (Comparison purposes only)

STORM [52] NVIDIA License https://github.com/NVlabs/GaussianSTORM

Flux4D [45] N/A https://waabi.ai/research/flux4d

Table 12: Summary of the licenses of assets.
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