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Abstract
We address 4D reconstruction from partial point
cloud sequences, where depth-sensor observa-
tions are incomplete, unordered, and lack explicit
temporal correspondences. This geometry-only
setting is challenging due to missing observations
and ambiguous dynamics. While recent progress
has largely relied on image-based methods, ex-
isting point-based approaches typically focus on
single objects, assume relatively complete inputs,
or require explicit correspondences. To address
these limitations, we propose DynaTok, a point-
based framework for correspondence-free 4D re-
construction from partial point cloud sequences
without images. DynaTok encodes frames into
compact latent tokens, aggregates incomplete ob-
servations over time with a Transformer-based
spatiotemporal encoder, and decouples geome-
try and motion through residual tokens in a uni-
fied model. A flow-matching decoder then re-
constructs complete, temporally consistent 4D
point-cloud sequences conditioned on the la-
tent tokens. Experiments on object- and scene-
level benchmarks demonstrate improved recon-
struction quality and temporal coherence from
partial point cloud observations. Project page:
https://wrchen530.github.io/dynatok/.

1. Introduction
Reconstructing dynamic 3D scenes over time, which is
commonly referred to as 4D reconstruction, is a fundamen-
tal problem in computer vision with broad applications in
robotics (Rajič et al., 2025; Huang et al., 2026), augmented
reality (Wang et al., 2025c), and scene understanding (Zhang
et al., 2025b; Zhou et al., 2024). Recent advances have been
largely driven by methods that operate on dense visual ob-
servations, such as images or videos (Zhang et al., 2025c;
Feng et al., 2025; Li et al., 2025b; Ren et al., 2024a; Wu
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Figure 1. DynaTok reconstructs coherent 4D scenes from partial,
unordered, and correspondence-free point cloud sequences. It
temporally aggregates incomplete observations via spatiotemporal
alignment and a global decoder, enabling consistent recovery of
static background structure and dynamic objects even when large
regions are unobserved. For visualization, we show the global
4D scene reconstruction at each time step: the colored region
corresponds to the area observed in the partial input at time s,
while the white regions are recovered through the temporal fusion.
Colors and segmentation labels are only used for visualization
and are not provided to the model.

et al., 2025), enabling high-fidelity reconstruction of dy-
namic geometry under controlled settings. However, these
approaches typically assume visual input with rich texture
and appearance cues. In contrast, point clouds are the native
output of depth sensors and provide a scalable, geometry-
centric representation without relying on appearance cues or
surface connectivity. Despite their suitability for real-world
sensing, existing point-based learning methods are largely
restricted to static scenes or object-level dynamics and strug-
gle to scale to complex, open-world dynamic environments.

In many practical scenarios, especially those involving depth
sensors or multi-view geometry pipelines, the available
observations at test time take the form of partial point
clouds. These point clouds are incomplete due to limited
sensor coverage, occlusions, and viewpoint changes, are
unordered, and lack explicit point-to-point correspondence
across time. Under this setting, 4D reconstruction faces
several fundamental challenges. First, individual frames
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may entirely miss large regions of the scene, making per-
frame reconstruction fundamentally insuf�cient, particularly
for dynamic objects. Second, without image appearance or
tracking cues, it is inherently ambiguous to distinguish static
scene structure from dynamic objects, as missing points may
result from occlusion, motion, or viewpoint changes. Third,
since the identity of points is not preserved across frames,
temporal correspondence cannot be assumed, and naive tem-
poral fusion often leads to inconsistent geometry and motion.
Together, these challenges make coherent 4D reconstruction
from partial point cloud sequences fundamentally dif�cult.

In this work, we study 4D reconstruction from partial,
correspondence-free point cloud inputs, with a particular
focus on how temporal aggregation across frames can com-
pensate for missing geometry. Rather than assuming that
each time step provides a complete or dense observation, our
goal is to recover a temporally consistent 4D representation
even when objects or regions are completely unobserved in
individual frames (see Figure 1). This setting poses unique
challenges that are not adequately addressed by existing
methods, which often rely on complete inputs or focus on
single-object dynamics (Cao et al., 2024; Niemeyer et al.,
2019; Tang et al., 2021; Lei & Daniilidis, 2022). Moreover,
many of these methods require watertight mesh supervision,
which limits their applicability to real-world scanned data.

To address this challenge, we propose DynaTok, a token-
based framework for temporally aggregating partial point
cloud observations. The key idea is to encode sparse and
irregular point cloud inputs into a compact set of temporally
aligned latent tokens shared across frames. By aggregating
complementary information over time, these tokens enable
robust 4D reconstruction from incomplete observations. We
further decouple the latent space into geometry and mo-
tion tokens, enabling disentangled modeling of shape and
dynamics. Unlike prior approaches that rely on two sep-
arate networks for shape reconstruction and deformation
modeling (Cao et al., 2024; Jiang et al., 2026; Zhang et al.,
2025a), our residual token formulation achieves explicit ge-
ometry–motion decoupling within a single uni�ed model.
Conditioned on the aggregated latent tokens, DynaTok re-
constructs coherent 4D scene representations using a point
�ow-matching decoder (Lipman et al., 2023), which pro-
duces temporally consistent point clouds and can be trained
using only point cloud supervision. This design avoids re-
liance on watertight meshes or explicit correspondences
and provides a uni�ed framework for both object-level and
scene-level 4D reconstruction.

In summary, our contributions are threefold. (i) We formu-
late the practical yet underexplored problem of global 4D
reconstruction from partial, unordered, and correspondence-
free point cloud sequences. (ii) We propose a uni�ed
token-based 4D representation and pipeline that enables

correspondence-free temporal aggregation and geometry–
motion decomposition under point-cloud-only supervision,
without requiring watertight meshes or canonical templates.
(iii) We validate the framework on both object- and scene-
level dynamic benchmarks through qualitative and quantita-
tive evaluations.

2. Related Work

2.1. 3D Generation and Latent Representations

3D generative models aim to learn compact latent represen-
tations of shapes and scenes. Early work employs VAEs
and GANs to model distributions over 3D geometry (Wu
et al., 2016; Zhu et al., 2018; Pavllo et al., 2020; Kosiorek
et al., 2021; Li et al., 2021a; Chan et al., 2022; Gao et al.,
2022), while recent advances leverage diffusion models to
generate high-�delity 3D content. One line of work com-
bines diffusion with neural rendering, generating multi-view
images that are reconstructed into 3D via differentiable ren-
dering (Liu et al., 2023; Gao et al., 2024; Szymanowicz
et al., 2025; Tang et al., 2024; Hong et al., 2024; Voleti
et al., 2024; Chen et al., 2024).

Another direction directly generates 3D representations such
as point clouds or meshes using diffusion (Zhang et al.,
2023; Li et al., 2025a; Jun & Nichol, 2023; Ren et al.,
2024b; Vahdat et al., 2022; Wu et al., 2024b; Zhang et al.,
2024b; Chang et al., 2024; Zheng et al., 2023b; Gupta et al.,
2023; Xiang et al., 2025a). Closely related, NOVA3R (Chen
et al., 2026) learns a global latent representation for static
3D scenes in a two-stage framework and supports image-
conditioned reconstruction. Despite these advances, most
3D generative models are designed for static shapes or
bounded scenes, with limited support for temporally evolv-
ing 4D geometry from partial, correspondence-free inputs.
In contrast, we study this latent-representation perspective
in the dynamic 4D setting, where the input is a partial,
correspondence-free point-cloud sequence.

2.2. 4D Reconstruction from Video

Reconstructing 4D scenes from video aims to recover tem-
porally coherent 3D geometry and motion from visual ob-
servations, providing a dynamic representation of objects or
scenes over time (Wang et al., 2025c; Li et al., 2025b; Zhang
et al., 2025c; Feng et al., 2025; Chen et al., 2025; Zhang
et al., 2026; Qian et al., 2026; Karhade et al., 2025). Re-
cent advances in image-based 4D reconstruction are driven
by generative methods that model dynamic geometry from
multi-view video, typically focusing on single objects, ex-
plicit surface representations (e.g., meshes or canonical tem-
plates), and dense visual supervision to decouple shape
and motion. Early works incorporate generative or physi-
cal priors to regularize motion during optimization (Jiang
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et al., 2024; Ren et al., 2023; Sang et al., 2025), while more
recent approaches leverage diffusion models to directly re-
cover time-varying geometry (Ren et al., 2024a; Liang et al.,
2024; Pan et al., 2024; Xie et al., 2025; Zhang et al., 2024a;
Jiang et al., 2026; Zhang et al., 2025a). However, these
methods largely assume image inputs, single-object scenes,
or explicit correspondences at inference, limiting their appli-
cability to our setting of partial, correspondence-free point
clouds.

Beyond 4D object generation, scene-level 4D reconstruction
from images is commonly formulated as recovering dense
point maps (Kopf et al., 2021; Zhang et al., 2022; 2025c; Li
et al., 2025b; Wimbauer et al., 2025) or Gaussian Splats (Wu
et al., 2024a; Wang et al., 2025c; Yang et al., 2024b; Matsuki
et al., 2025) per time step. These methods exploit multi-view
consistency, optical �ow, and appearance cues to recover
dynamic scenes, with recent work further incorporating
dense correspondence and scene �ow for more complete
4D reconstruction (Sucar et al., 2025; Wang et al., 2025e;
Karhade et al., 2025; Feng et al., 2025; Zhang et al., 2026).
By relying on dense image observations and rich appearance
cues, these methods address a different input regime from
the geometry-only point-cloud setting considered here.

2.3. 4D Reconstruction from Point Clouds

In contrast to image-based methods, recent work has ex-
plored 4D reconstruction from point cloud observations to
address occlusions, limited coverage, and viewpoint changes
in real-world systems (Zheng et al., 2023a). Such point
clouds may be obtained from depth sensors (Ranftl et al.,
2020; Yang et al., 2024a; Yin et al., 2023), LiDAR (Huang
et al., 2023a;b), or sparse geometric cues such as multi-
view anchor points (Dong et al., 2021) and motion capture
systems (Alexiadis et al., 2016). The core challenge is to ag-
gregate incomplete geometry over time to recover coherent
4D structure. Classical fusion and SLAM-based methods
show that temporal aggregation substantially improves static
reconstruction under sparse observations (Izadi et al., 2011;
Dai et al., 2017), and recent learning-based approaches ex-
tend these principles to dynamic point cloud sequences.

A common approach to 4D reconstruction disentangles
static structure from dynamic deformation, often via
canonical-to-deformed formulations such as Occupancy
Flow (Niemeyer et al., 2019) and related correspondence- or
deformation-based object-level methods (Tang et al., 2021;
Lei & Daniilidis, 2022; Cao et al., 2024; Wang et al., 2025b).
Among these, Motion2VecSets (Cao et al., 2024) is most
closely related to our work, but it infers a canonical shape
from only the �rst frame and generates later frames as defor-
mations of this �xed reference, whereas our one-stage align-
ment module jointly aggregates geometry across frames
to better handle incomplete �rst-frame observations and

correspondence-free partial point-cloud sequences. Scene-
level approaches adopt explicit grid or implicit representa-
tions for scalability (Huang et al., 2025; Zhong et al., 2024),
but usually rely on relatively complete inputs such as Li-
DAR sweeps. In contrast, we address 4D reconstruction
from partial, correspondence-free point clouds derived from
depth maps with severe occlusions and viewpoint changes.

3. Method

Our goal is to reconstruct a coherent 4D scene representation
from a sequence of partial, unordered, and correspondence-
free point clouds. The main challenge lies in temporal
aggregation: integrating incomplete and inconsistent obser-
vations across time to recover missing geometry and coher-
ent motion in dynamic scenes. We address this challenge
by proposing a 4D point tokenizer that embeds input point
clouds into a compact latent space, enabling the recovery
of global scene geometry at each time step. In the follow-
ing, we �rst formalize the problem setting (Section 3.1),
then describe the latent temporal aggregation mechanism
(Section 3.2) and the conditional reconstruction process
(Section 3.3). An overview of the pipeline is shown in
Figure 2.

3.1. Problem Formulation

We consider the task of reconstructing a complete and tem-
porally consistent 4D scene from a sequence of partial
point cloud observations. The input is a sequence of dy-
namic point cloudsX = fX sgS

s=1 , whereX s 2 RN in�3

denotes the 3D points observed at time steps. EachX s

can be partial, unordered, and correspondence-free, re�ect-
ing realistic observations from depth sensors or multi-view
reconstruction pipelines. The target is to recover a tem-
porally consistent and complete 4D scene representation
Y = fY sgS

s=1 ; Y s 2 RN out�3 , where eachY s represents
the complete scene geometry at time steps. Importantly,
the reconstruction at each time step must be consistent with
the underlying scene motion, even when the corresponding
geometry is unobserved in the input.

This problem setting is substantially more challenging than
per-frame completion (Yu et al., 2021; Huang et al., 2020)
or 4D autoencoders with complete geometry (Zhang et al.,
2025a; Wang et al., 2024). Successful reconstruction re-
quires the model to (i) aggregate incomplete and incon-
sistent observations across time, (ii) implicitly distinguish
static scene structure from dynamic objects without corre-
spondence or tracking cues, and (iii) maintain temporal co-
herence of the reconstructed geometry across frames. These
challenges cannot be addressed by naive temporal fusion or
frame-wise reconstruction, and instead demand structured
mechanisms for effective temporal aggregation under partial
observations (see Figure 3).
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Figure 2. Overview of the DynaTok Pipeline. Given a sequence of incomplete point clouds, we extract per-frame point tokens and
process them with a spatiotemporal alignment module to integrate temporal information. Using a residual token design, we obtain
geometry tokens de�ning the canonical space at the reference frame (s = 1 ) and motion tokens for subsequent frames (s > 1 ), enabling
joint shape and motion modeling without introducing an additional network. The resulting latent tokenZ s encodes 4D information and is
fed into the �ow-matching decoder to recover the global geometry at time step s. All components are trained from scratch.

Figure 3. Illustration of 4D Fusion and Completion Task. Given
the partial observation at each time step, the goal is to model the
global dynamic scene.

3.2. Latent Temporal Aggregation

Per-Frame Token Extraction. To enable temporal aggre-
gation over partial and correspondence-free point clouds,
we �rst convert each input point cloud into a compact and
structured latent representation. Given an input point cloud
Xs 2 RN in�3 at time steps, we extract a �xed number of
latent tokens that represent the geometric content of the
frame in a permutation-invariant manner.

Speci�cally, we selectM point queries as anchors using
Farthest Point Sampling (FPS). Inspired by recent geometry
autoencoders (Li et al., 2025a; Chen et al., 2026), these
queries attend to the full input point cloud through a cross-
attention layer, where the raw point positions serve as keys
and values. Prior to attention, 3D point coordinates are
embedded into features using Fourier features to enhance
spatial expressiveness (Li et al., 2025a). The resulting posi-
tion features are further re�ned using self-attention layers
to capture local geometric context. The output is a set of
per-frame latent tokensF s 2 RM�D Z , providing a compact
and regularized representation of each partial point cloud.

This tokenization step reduces the variability of raw point
cloud inputs while preserving essential geometric structure,
enabling ef�cient and consistent processing across time.

Spatial-Temporal Alignment. Given the per-frame to-
kensfF sgS

s=1 , we perform temporal aggregation using a
transformer-based architecture (Wang et al., 2025a) that
jointly processes tokens across time. The goal is to integrate
partial observations from different frames and aggregate
geometric information into a coherent latent representation.

Each transformer layer alternates between per-frame self-
attention and cross-frame global attention. Per-frame atten-
tion preserves spatial coherence within a frame, and the
global attention allows tokens to propagate information
across time in the latent space. Through this interleaved
attention mechanism, geometric evidence observed in one
frame can in�uence the latent representation of other frames,
enabling recovery of missing regions under partial observa-
tions.

Importantly, this aggregation operates entirely at the token
level and does not assume explicit point-to-point correspon-
dence across frames. Temporal consistency emerges im-
plicitly through shared attention and repeated exposure to
complementary observations. To encode spatial relation-
ships, we extend rotary positional embeddings (Su et al.,
2024) to 3D using the token query positions, allowing the
model to reason about relative geometry during aggregation.
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Latent Residual Decomposition. To model temporal vari-
ation in the aggregated latent representations, we adopt a
simple residual formulation across time. We treat the latent
tokens corresponding to the �rst frame (s = 1) as a refer-
ence representation, which serves as a canonical anchor for
the sequence. This reference does not introduce a separate
latent space or specialized tokens; all frames are represented
in the same latent space.

Formally, we represent the latent tokens at time s as:

Zs = G + H s; (1)

whereG denotes the reference latent representation andH s

captures the residual changes at times. For the reference
frame, the residual is set to zero, i.e.,H 1 = 0 . This formula-
tion encourages persistent structure to be shared across time
while allowing �exible temporal variation through residual
offsets. The resulting latent representationsfZ sg compactly
encode both persistent scene structure and time-varying ge-
ometry, and are used by the decoder for conditional 4D
reconstruction.

Importantly, the proposed residual formulation introduces
an explicit yet simple separation between time-invariant
structure and time-varying components within a shared la-
tent space. This separation is realized through the refer-
ence–residual parameterization, without introducing addi-
tional tokens or auxiliary objectives. The model is trained
end-to-end using only supervision from the global point
cloud at each time step, under which it automatically learns
to allocate persistent geometry to the reference component
and temporal variation to the residuals, without requiring
motion labels.

3.3. Conditional Global Decoder

Given the temporally aggregated latent representationZs at
time steps, we introduce a global 3D decoder to reconstruct
the complete scene geometry at time steps as a point cloud
Y s 2 RN out�3 . We formulate this global reconstruction as
learning a conditional distribution over point setsp(Y s jZ s),
where the latent tokensZs explicitly encode the canonical
scene geometry viaG and the time-varying deformation via
the residual motion tokensH s. This formulation supports
globally consistent reconstruction over unordered point sets
with variable cardinality, enabling the decoder to output
point clouds at any density during inference.

To parameterize this conditional distribution, we adopt a
conditional �ow-matching decoder (Chang et al., 2024),
which models point cloud generation as a continuous trans-
formation from a simple prior to the target scene geometry,
conditioned on latent tokensZs. This design is well aligned
with our setting: �ow matching naturally supports variable
point-cloud cardinalities and avoids explicit point corre-
spondences, making it well suited to correspondence-free

reconstruction.

Conditional Flow Matching. We denotes as the dis-
crete frame index corresponding to the input sequence, and
t 2 [0; 1] as the continuous time variable used in the �ow-
matching process (Lipman et al., 2023). Given a target
point cloudx1 and a noise sample� , we de�ne a linear
interpolation path from noise to data as

x t = (1 � t)� + tx 1: (2)

Thus,t = 0 corresponds to the prior distribution andt =
1 corresponds to the target point-cloud distribution. The
decoder learns a conditional velocity �eld� dec(x t ; t; Z s),
which de�nes the ordinary differential equation (ODE)

dx t

dt
= � dec(x t ; t; Z s): (3)

For this linear path, the target velocity is given byv target =
x1 � � . The decoder is trained to predict this velocity �eld
conditioned on the scene tokenZs, thereby transporting
samples from the prior distribution to the target point-cloud
distribution.

Training Objective. We train our decoder using the �ow-
matching loss as the sole loss term, without requiring any
additional supervision. For each time steps, we randomly
sample a target point cloudx1 � Y s, a noise sample� �
U([�1; 1] 3) from a uniform cube prior, and a �ow time
t � U(0; 1) . Given the interpolation path in Equation (2),
the training objective minimizes the distance between the
predicted and target velocity �elds:

L FM = E t;x 1 ;�;Z s

h
k� dec(x t ; t; Z s) � (x 1 � �)k 2

2

i
: (4)

This objective encourages the decoder to reconstruct com-
plete and temporally consistent global geometry conditioned
on the aggregated scene representation, without additional
supervision. During inference, we sample� � U([�1; 1] 3)
and integrate the learned ODE forward fromt = 0 to t = 1 ,
starting fromx t=0 = � . This yields the reconstructed point
cloud Ys.

Implementation Details. All models are implemented in
PyTorch and trained on 8 NVIDIA H100 GPUs. We use the
AdamW optimizer with a learning rate of10�3 and a linear
warm-up schedule. Models are trained for 250k iterations
with a batch size of 8 sequences per GPU. Input and target
point clouds are normalized using median-based scaling.
During training, we randomly sampleS = 8 frames per
sequence, while evaluation is performed on sequences of
16 frames. Unless otherwise speci�ed, the input partial
point cloud contains 8,192 points per frame. We useM =
512tokens per frame for latent representation. Additional
implementation details are provided in the supplementary
material. We plan to release the code upon acceptance.

5



DynaTok: Token-Based 4D Reconstruction from Partial Point Clouds

4. Experiments

4.1. Experimental Setup

We evaluate DynaTok on both scene-level and object-level
dynamic point cloud benchmarks, focusing on the setting of
partial, correspondence-free point cloud inputs. All meth-
ods are evaluated on their ability to reconstruct temporally
coherent 4D geometry from incomplete observations.

Datasets. For object-level reconstruction, we adopt De-
formingThings4D–Animals (DT4D-A) (Li et al., 2021b),
a standard benchmark used by prior 4D point-based meth-
ods (Cao et al., 2024). The dataset contains 1,972 sequences
of deformable humanoids and animals exhibiting articulated
and non-rigid motion. Each sequence consists of a single
object without background, allowing us to isolate deforma-
tion modeling without scene-level clutter. We follow prior
work and use point clouds back-projected from synthetic
RGB-D scans as input.

For scene-level reconstruction, we use the Kubric
dataset (Greff et al., 2022), which contains complex interac-
tions of static and dynamic objects from Google Scanned
Objects (Downs et al., 2022). It provides ground-truth com-
plete point clouds for both static and moving components,
enabling evaluation of 4D fusion and completion under
partial observations. Compared to dynamic video datasets
such as DAVIS (Perazzi et al., 2016), Kubric presents more
challenging scenarios with fast motion, multiple indepen-
dently moving objects, and camera motion. We follow the
MOVi-F setup, using 10K training sequences and 200 test
sequences, each with 30 frames at 10 FPS captured by a
moving camera.

Baselines. To our knowledge, no prior method directly
addresses 4D reconstruction from partial, correspondence-
free point clouds at both object and scene levels as in our
setting. We therefore compare DynaTok with the closest
baseline, Motion2VecSets (Cao et al., 2024), which mod-
els temporal dynamics but is limited to single objects and
�xed-size inputs (512 points per frame). Image-based 4D
generative methods such as GVFD (Zhang et al., 2025a) re-
quire explicit correspondences and complete shapes and are
thus inapplicable. We also include representative 3D point
VAEs—3DShape2VecSet (Zhang et al., 2023), TripoSG (Li
et al., 2025a), and TRELLIS (Xiang et al., 2025b)—applied
per frame as reference baselines to quantify the effect of
missing temporal aggregation. We use pretrained models
and recommended settings when available, as baseline meth-
ods typically require complete mesh supervision for train-
ing.

Evaluation Metrics. We evaluate reconstruction quality
using standard geometric metrics, consistent with prior work

Table 1. Object-Level Reconstruction Results on DT4D. Our
method improves over object-level 4D baselines.

Method Unseen Motion Unseen Individual

Acc. # Comp. # NC " Acc. # Comp. # NC "

3D methods
Shape2VecSet (Zhang et al., 2023) 0.022 0.174 0.703 0.030 0.167 0.696
TripoSG (Li et al., 2025a) 0.051 0.165 0.740 0.048 0.143 0.732
TRELLIS (Xiang et al., 2025b) 0.026 0.190 0.813 0.049 0.194 0.787

4D methods
Motion2VecSets (Cao et al., 2024) 0.055 0.060 0.856 0.061 0.065 0.824
Ours 0.023 0.021 0.914 0.027 0.026 0.877

Figure 4. Qualitative Reconstruction Results on the DT4D
Dataset (Li et al., 2021b). We compare the partial point cloud
input setting from depth maps. Our method achieves clearer geom-
etry that matches the ground truth point locations. We include the
partial inputs from other time steps in white for reference.

such as CUT3R (Wang et al., 2025d). Speci�cally, we re-
port Accuracy and Completeness, de�ned as the one-sided
Chamfer Distance from prediction to ground truth and vice
versa, respectively. We also report Normal Consistency,
which measures the alignment of surface normals and re-
�ects local geometric �delity. For point cloud outputs, we
estimate normals using Open3D (Zhou et al., 2018).

4.2. Object-level 4D Reconstruction

We evaluate object-level 4D reconstruction on DT4D-A
under the standard Unseen Motion and Unseen Individual
settings (Cao et al., 2024; Tang et al., 2021). All methods
are assessed using point-based metrics, with mesh outputs
uniformly downsampled to50k points for consistency. As
shown in Table 1, DynaTok consistently outperforms prior
4D baselines, achieving much lower completeness error and
higher normal consistency, highlighting its ability to recover
missing geometry via temporal aggregation.

Figure 4 further shows qualitative results under depth-based
partial input. Motion2VecSets (Cao et al., 2024) captures
coarse motion but exhibits missing regions and inaccurate
articulation, while DynaTok produces cleaner geometry and
more coherent motion, closely matching ground truth de-
spite severe occlusions. These results show that latent-space
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Table 2. Scene-Level Reconstruction on Kubric. Our method
produces better reconstruction results than competing baselines.
Motion2VecSets is restricted to 512 input points and is therefore
excluded from FG + BG.

Method Foreground Foreground + Background

Acc. # Comp. # NC " Acc. # Comp. # NC "

3D methods
Shape2VecSet (Zhang et al., 2023) 0.008 0.027 0.680 0.009 0.026 0.724
TripoSG (Li et al., 2025a) 0.012 0.023 0.711 0.042 0.020 0.783
TRELLIS (Xiang et al., 2025b) 0.009 0.029 0.829 0.011 0.025 0.874

4D methods
Motion2VecSets (Cao et al., 2024) 0.061 0.063 0.545 – – –
Ours 0.008 0.010 0.835 0.010 0.014 0.888

temporal aggregation enables robust 4D reconstruction from
correspondence-free partial point clouds.

4.3. Scene-level 4D Reconstruction

We evaluate scene-level 4D reconstruction on the Kubric
dataset (Greff et al., 2022) under two settings: (i) multi-
object foreground with sparse partial observations, and
(ii) full scenes including static background geometry with
denser inputs. Input point clouds are downsampled to
N in = 8192 to match baseline VAE training settings. As
shown in Table 2, DynaTok achieves the best or tied-best
accuracy and substantially improves completeness and nor-
mal consistency. Object-centric 4D methods such as Mo-
tion2VecSets (Cao et al., 2024) are not applicable to full
scenes due to �xed input size and single-object assump-
tions. Compared to frame-wise 3D latent baselines, Dy-
naTok achieves substantially better reconstruction quality,
highlighting the importance of explicit temporal aggrega-
tion.

Qualitative results in Figure 5 further con�rm these �nd-
ings. Frame-wise 3D generative baselines (e.g., TripoSG (Li
et al., 2025a), 3DShape2VecSet (Zhang et al., 2023)) pro-
duce fragmented and noisy geometry due to the lack of
temporal integration, whereas DynaTok aggregates partial
observations into a coherent canonical space, yielding dense
and accurate reconstructions of both dynamic objects and
background structures.

4.4. Ablation Study

We conduct comprehensive ablation studies on the DT4D-A
dataset to critically assess the contribution of the architec-
tural innovations within the DynaTok framework, focusing
on decoupling effectiveness, tokenization ef�ciency, and
robustness to partial input.

Per-frame (3D) vs Joint (4D) Encoder. The central �nd-
ing con�rms the importance of global attention. When
the sequence is processed by the “Per-frame Only” base-
line, performance severely degrades, demonstrating that
simple token-wise extraction fails to establish the canonical

Table 3. Ablation Study of DynaTok Components on DT4D-A
Dataset.

Component Con�guration Acc # Comp # NC "

Encoder
Per-frame Only 0.276 0.301 0.531
Geometry-Motion 0.027 0.026 0.877

# Tokens
M = 128 0.030 0.032 0.869
M = 256 0.027 0.026 0.877
M = 512 0.026 0.030 0.881

# Train Views
2 Views 0.031 0.035 0.864
4 Views 0.028 0.032 0.872
8 Views 0.027 0.026 0.877

space and temporal consistency required for decoding. The
“Per-frame Only” setting trains the model to perform single-
frame completion. The substantial gain achieved by the full
DynaTok model in Table 3 (0:276 ! 0:027 in Acc) veri-
�es that joint spatiotemporal alignment in the token space is
essential for stabilizing geometry and constructing a robust
canonical representation for 4D reconstruction.

Number of Latent Tokens (M ). This experiment investi-
gates the critical trade-off between the token count per frame
(M ) and the resulting geometric �delity and computational
ef�ciency. We variedM across several settings, observing
that scaling the token count from a coarse M = 128 yields
substantial gains in precision and coverage.

Impact of Number of Training Views. We further test the
generalization capacity of DynaTok by evaluating how input
sparsity during training affects the quality of synthesized
output. We vary the number of available training views
among 2, 4, and 8 views, while testing against a consistent
dense 16-view sequence. The quantitative results in Table 3
demonstrate a clear dependency: metrics show consistent
improvement as the training view count increases. This
con�rms that exposing the network to richer input views is
essential for distilling a highly accurate and robust global
geometry token.

Canonical Space Evolution Across Time Steps. To an-
alyze temporal aggregation, we study how the canonical
representation (�rst frame) evolves as additional frames are
incorporated (S = 1, 4, 8, 12, 16) in Figure 6. With only a
single frame, the canonical space captures coarse geometry
with limited coverage due to sparse observations. As more
frames are added, the model progressively aggregates newly
observed structures, re�ning both global shape and local
details. The reconstruction becomes increasingly dense,
smooth, and complete, indicating effective accumulation of
information across time. This behavior con�rms that our
method fuses multi-frame observations into a uni�ed canon-
ical representation, rather than reconstructing each frame
independently.

7
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Figure 5. Qualitative Reconstruction Results on Kubric (Greff et al., 2022). The red boxes highlight regions where our method better
preserves geometry than the baselines and effectively aggregates temporal information into a geometrically consistent canonical space.
We include the partial inputs from other time steps in white for reference.

Figure 6. Qualitative results for canonical space evolution
across different time steps. As additional frames are progres-
sively observed, the canonical space anchored at the reference
frame (s = 1 ) is expanded consistently to incorporate new geo-
metric information.

Model Complexity. We further compare model complex-
ity in terms of parameter count, FLOPs, and inference speed.
As shown in Table 4, DynaTok uses only 19M parameters
and requires approximately 6.6k GFLOPs per 16-frame
scene. Inference speed is measured on an L40S GPU us-
ing 16-frame sequences. Compared with Motion2VecSets
and TRELLIS, DynaTok is substantially more compact and
computationally ef�cient, while maintaining strong recon-
struction quality.

Table 4. Model complexity comparison. FLOPs and inference
time are measured for 16-frame scenes, with runtime evaluated on
an L40S GPU. DynaTok is more compact and ef�cient than prior
methods.

Method Params GFLOPs Time / scene

TRELLIS (Xiang et al., 2025b) 1.6B �3.7M �2 min
Motion2VecSets (Cao et al., 2024) 423M �81.7k �45s
DynaTok (Ours) 19M �6.6k �22s

4.5. Zero-Shot In-the-Wild Results

To evaluate real-world generalization under more challeng-
ing input conditions, we test our model without �ne-tuning
on external datasets, including Bonn RGB-D (Palazzolo
et al., 2019) and DAVIS (Perazzi et al., 2016). Instead of us-
ing depth sensor measurements, we directly use point maps
predicted by the off-the-shelf CUT3R model (Wang et al.,
2025d), which are noisy, incomplete, and often affected
by scale ambiguity. Despite this substantial domain gap
from the clean synthetic training data, our method preserves
reasonable reconstruction quality and temporal coherence
(Figure 7), demonstrating robustness to noisy and partial
real-world observations. This suggests a downstream appli-
cation of DynaTok: 4D fusion with off-the-shelf monocular
reconstruction models (Zhang et al., 2026; Karhade et al.,
2025).
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