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Abstract

Human perception involves decomposing complex multi-
object scenes into time-static object appearance (i.e., size,
shape, color) and time-varying object motion (i.e., position,
velocity, acceleration). For machines to achieve human-like
intelligence in real-world interactions, understanding these
physical properties of objects is essential, forming the foun-
dation for dynamic video prediction. While recent advance-
ments in object-centric transformers have demonstrated po-
tential in video prediction, they primarily focus on object
appearance, often overlooking motion dynamics, which is
crucial for modeling dynamic interactions and maintaining
temporal consistency in complex environments. To address
these limitations, we propose OCK, a dynamic video pre-
diction model leveraging object-centric kinematics and ob-
ject slots. We introduce a novel component named Object
Kinematics that comprises explicit object motions, serving
as an additional attribute beyond conventional appearance
features to model dynamic scenes. The Object Kinematics
are integrated into various OCK mechanisms, enabling spa-
tiotemporal prediction of complex object interactions over
long video sequences. Our model demonstrates superior
performance in handling complex scenes with intricate ob-
Jject attributes and motions, highlighting its potential for ap-
plicability in vision-related dynamics learning tasks.

1. Introduction

Human-level intelligence requires a deep understanding of
the environment and the spatiotemporal interactions of sur-
rounding objects [13]. This proficiency is fundamental to
deep learning, as it underpins the human ability to per-
ceive scenes as structured compositions of object compo-
nents, facilitating object recognition in dynamically chang-
ing environments [17]. Despite advancements in modeling
human intelligence, current approaches struggle to bridge
the gap between human-level understanding and machine-
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Figure 1. Comparison of OCK with previous slot-based video
prediction methods utilizing transformers. The previous methods
leverage object attributes only. In contrast, OCK utilizes both ob-
ject appearances and motions.

generated world models, lacking the ability to accurately
replicate human perception and interpretation of their sur-
roundings. To address this limitation, unsupervised object-
centric representation learning has emerged as a promising
framework for capturing the compositional structure of ob-
jects, mirroring the human ability to intuitively interpret
their surroundings. This approach has shown particular
effectiveness in dynamic environments with diverse, con-
stantly evolving, or previously unseen objects, achieving
remarkable performance across various domains, including
scene understanding [31, 35], object tracking [16, 48], rein-
forcement learning [45, 46] and video prediction [21, 44].
Our work focuses on object-centric video prediction.
The object-centric bias significantly improves the model’s
ability to capture object dynamics and interactions for suc-
cessful video prediction, leading to enhanced predictive ac-
curacy in complex environments. This approach optimally
balances between expressivity and accuracy [7], enabling
precise modeling of complex physical interactions (i.e., col-
lision, freefall, mass and charge) that remain challenging
for more general models, despite imposing constraints on
the range of visual complexity it can effectively represent.
Among various approaches to object-centric video pre-
diction, transformers have demonstrated efficiency in ad-
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dressing the trade-off between expressivity and long-term
predictive accuracy through attention mechanisms and se-
quential positional encoding [36]. This functionality of
transformers combined with object-centric representation
enables direct modeling of the spatiotemporal dynamics
of objects within the object representation space [37, 44].
While prior works have achieved exceptional performance,
certain approaches are restricted to simplistic environments,
focusing solely on implicit object appearances [21], while
others can handle complex scenes but are often limited to
short videos [37, 44]. See Fig. 1 for a visual explana-
tion. Successful prediction fundamentally relies on cap-
turing long-term dependencies and scene complexity, in-
cluding object interactions, dynamics, and visual variations.
The absence of either factor in prior works highlights the
need for a model that effectively captures explicit physical
interactions and temporal dependencies, with an emphasis
on precise object motion modeling within video frames.

In this paper, we present Object-Centric Kinematics
(OCK) for unsupervised object-centric video prediction.
We introduce Object Kinematics, which encapsulates object
motion within a structured image space and plays a piv-
otal role in object tracking, demonstrating efficacy across
both synthetic and real-world environments. The Object
Kinematics are derived through two approaches: The an-
alytical approach anticipates subsequent states from the in-
put frame via logical reasoning and utilizes them for sub-
sequent frame generation; The empirical approach lever-
ages the given object information via inductive reasoning,
focusing on its implicit learning. We employ two versions
of OCK to integrate the Object Kinematics with object ap-
pearances, named slots [22]. We compare our model with
the prior works that utilize object appearance information
only [21, 44] in complex environments where object mo-
tion, appearance, and backgrounds vary repeatedly.

In summary, we make the following contributions: (1)
We introduce an object-centric video prediction model
leveraging Object Kinematics to comprehend time-varying
object motion and time-static object appearance. (2) We
conduct comprehensive experiments with four recent slot-
based methods on six synthetic and one real-world datasets.
Our model significantly enhances the accuracy of predicting
object dynamics in highly complex scenarios and exhibits
better generalization to long sequences during test time. (3)
We investigate the impact and necessity of Object Kinemat-
ics through various ablation studies.

2. Related work

2.1. Object-centric representation learning

Recent unsupervised object-centric learning can be split
into three approaches. Spatial attention approaches employ
CNN or spatial transformer networks to crop rectangular

regions from an image, enabling the extraction of object at-
tributes such as position, scale, or latent [2, 4, 5, 11, 19].
However, these approaches often rely on a fixed-size sam-
pling grid or coarse bounding box, which may not be suit-
able for scenes featuring diverse object sizes, potentially
compromising training efficacy when the sampling grid
fails to overlap with any object. Sequential attention mod-
els, exemplified by RNN-based frameworks, sequentially
attend to different regions in an image [3, 9], resulting in a
suboptimal understanding of interrelationships between ob-
jects and image regions. As a result, these models struggle
to capture the global context of the image. Lastly, iterative
attention methods initialize a set of object representations,
namely object slots, and iteratively refine them to associate
them with distinct regions of an image [30, 31, 40]. Pre-
dominantly inspired by Slot Attention [22], the iterative ap-
proach fosters competition among object slots by employ-
ing attention along the object dimension. Our work focuses
on the iterative attention approach, given its widespread us-
age for video prediction tasks.

2.2. Dynamic video prediction

Video prediction and generation in dynamic environ-
ments is a challenging task that has gained significant
attention in recent years. Approaches in video model-
ing include object-agnostic models, utilizing 3D convolu-
tions [10, 38] or RNNs [25, 39], and those employing struc-
tured or object-centric models, using probabilistic model-
ing techniques [35], transformers [32, 37, 44], or 3D point
clouds [33]. The object-agnostic models often require ex-
plicit human supervision, may be restricted to simple 2D
datasets, and typically concentrate on modeling temporal
changes using image features. These approaches neglect ex-
plicit consideration of the composition of video frames. In
contrast, approaches utilizing object-centric representations
to disentangle frames into object attributes provide a more
nuanced and comprehensive understanding beyond general
representations. Despite advancements in video prediction,
generalization remains limited, with significant challenges
in applying these models to unannotated data [43]. Inspired
by video prediction models utilizing object-centric repre-
sentations, our work diverges by investigating transformers’
input components, architecture, and functioning.

2.3. Object-centric video prediction with trans-
formers

Our research builds on the foundations of SlotFormer [44]
and OCVP [37], both rooted in transformer architectures,
to advance object-centric video prediction and generation.
OCVP extends SlotFormer by slightly modifying the spa-
tiotemporal attention block in two different ways. The
recurrent transformer strategy they utilize facilitates long-
term predictions while mitigating the information loss on
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Figure 2. Overview of our pipeline. The model extracts object slots using the pretrained object-centric slot encoder, and Object Kine-
matics, including position, velocity, and acceleration, using the kinematics encoder, both from multiple video frames. These features are
linearly projected and processed by the OCK mechanism with a positional encoding to generate future slots in an autoregressive manner.

spatial object motion [29]. Additionally, their use of object-
centric representations introduces an inductive bias for un-
derstanding object attributes within a sequence [23]. How-
ever, their object-wise representations are biased toward in-
variant visual cues, focusing narrowly on implicit changes
in video frames. This limited scope results in a lack of depth
in capturing advanced object motions. Extensive research
has explored the generalization capabilities of transformers,
particularly in symbolic mathematical modeling and com-
positional reasoning [8, 24, 42]. Building upon this area,
our paper proposes a novel framework that comprehends
spatiotemporal object dynamics and predicts the explicit se-
quence of time-varying object motions and time-static ob-
ject appearances across various time steps.

3. Method

OCK is built upon an autoregressive object-centric trans-
former as summarized in Fig. 2. The input to the OCK is
obtained through two modules, involving the extraction of
object slots and Object Kinematics. We demonstrate how
the two features are subsequently fed into the OCK trans-
formers, forming the basis for spatiotemporal future frame
prediction and generation in an autoregressive way.

3.1. Slot encoder

We leverage the Slot Attention [22] framework to map im-
age features to permutation-invariant object slots. A con-
volutional neural network extracts a grid of image features
from a video frame o, which are then flattened into a set of
feature map h, € R *Pr that represents its semantic infor-
mation, where M is the size of the flattened H x W feature

grid and Dy is the dimensionality of the extracted feature
maps. At each iteration, the model randomly initializes N
object slots Sy € RV*Psr and performs Slot Attention to
update the object slots via iterative Scaled Dot-Product At-
tention [36]. This attention mechanism computes softmax
over object slots and updates the slots with the weighted av-
erage to represent a part of the input. The output S; is a set
of object slots, which is fed into the autoregressive trans-
former along with the Object Kinematics.

3.2. Kinematics encoder

We simultaneously perform Object Kinematics extraction,
which involves a convolutional neural network (CNN) and
numerical calculations to estimate the object motions. The
intuition behind this is to preserve the explicit properties of
objects, thereby preventing the model from learning incor-
rect motions in the initial stages of training when scaling
up to complex environments, which is a phenomenon often
observed when relying solely on slots [21, 44].

Initially, video frame o; is processed by a CNN-based
slot network ¢ to extract a grid of low-level image features,
which are then utilized to generate low-dimensional object
features x; by localizing the center of mass of each object as
2D coordinates. The object features are passed through an
MLP to ensure consistent encodings, forming the position
state denoted as x}**. Note that x}”* is equivariant to the
permutation over objects in o;. The velocity state x}*' is de-
rived by computing the difference between two consecutive
position states, x;** and x}”*, . The acceleration state x3 is
calculated via the differences between x}! and x}!, . To en-
sure the consistency in the unified kinematic representation,
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Figure 3. An illustration of the OCK architecture. (a) Traditional
transformer model processes slot exclusively. (b) Joint-OCK in-
corporates concatenated slots and kinematics as input. (c) Cross-
OCK employs cross-attention, where slot representations serve as
queries, and kinematics functions as keys and values.

a learnable parameter A is introduced to scale the velocity
relative to the position, formulated as follows:

0S
N X ¢(04)
0S 0S
K, 2 x| = [ A" -x") | . (D
1 1
X3 S

The Object Kinematics K; € RY*Pun is constructed by
concatenating the low-level geometric object states and is
subsequently fed as input to the transformer module along
with the object slots S;. Notably, Object Kinematics is
learned through the objects’ centers extracted from the slot
encoder, without reliance on task-specific loss functions,
such as frame reconstruction or state transition objectives.
Modeling kinematics in 2D image space is deliberate, as
extending it to a 3D depth image requires an additional net-
work, leading to high computational costs due to the re-
liance on a pretrained optical flow or frame reconstruction
model [14, 18]. Furthermore, the predictive performance
remains robust even in the absence of rotation and scaling
factors. Accordingly, the Object Kinematics are employed
in two ways: analytical and empirical approach.
Analytical approach leverages Object Kinematics from the
video frame at time ¢ to predict the subsequent position state
x‘t)?:; based on the premise that objects will continue their
motion patterns shortly. OCK integrates current kinematics
x}* with the anticipated kinematics tiji to generate the
subsequent frame f(fisl. This approach leverages predicted
kinematic information to emphasize continuous motion pat-
terns through a reasoning-driven method.

Empirical approach relies solely on the current video
frame x; processed through an inductive gradient-based
learning without additional dependencies. Specifically, it
extracts Object Kinematics K; from the video frame sim-
ilarly, but focusing exclusively on the kinematics informa-
tion at time ¢. The motion pattern inferred from the current
frame is utilized to predict the subsequent frame X7 .

Remark: The analytical approach is grounded in structured

Algorithm 1 Object-Centric Kinematics (OCK)

1: Inputs: input frames input, learnable queries init,
number of iterations 7T’

2: Require: time difference 4, learnable parameter A

3: Modules: OCK module OCK(-, -), object slot module
SA(-,-), Object Kinematics module KIN(-)

4: slots < init

5: fori < 1toT do

6: slots <« SA(slots, input)

7: kins < KIN(input) !

8: if Analytical Approach then

9: kinsl’DOS < kinspes + kinsyg X &
10: kinsly < )\(kinsl’)oS — kinspos)

11: kins:ICC — kins(,el — kinsye

12: kins' ¢ [kinsp,, kinsgy, kins;]
13: slots’ < OCK(slots,[kins,kins’])
14: else if Empirical Approach then

15: slots’ + OCK(slots,kins)

16: end if

17: slots « slots’

18: end for

19: return slots’

logical reasoning, while the empirical approach employs a
gradient-based learning as illustrated in Algorithm 1.

3.3. Autoregressive OCK transformers

OCK leverages the object slots S; and the Object Kinemat-
ics K; to predict object slots at the subsequent timestep
5‘t+1, while preserving temporal consistency. In this
work, we introduce two variants of the OCK mechanism,
Joint-OCK and Cross-OCK as shown in Fig. 3.
Joint-OCK. Similar to Wu et al. [44], Joint-OCK adopts a
standard transformer encoder. As shown in Fig. 3b, the in-
put formed by concatenating object slots and Object Kine-
matics undergoes a linear projection to align with the trans-
former’s inner dimension dy, followed by temporal posi-
tional encodings to preserve permutation equivariance, en-
suring that object slots at the same timestep share the posi-
tional encodings for consistent object representations.

q= Xtha k= Xth7
s.t. Xt = [Sty Kt}a

V= th'w

2

Joint-OCK (v, k, q) fi (kTq)

oint- v,k,q) = v - softmax | —— | .

Vi

Cross-OCK. Alternatively, Cross-OCK utilizes a cross-
attention mechanism to integrate object slots S; with the
Object Kinematics K as illustrated in Fig. 3c. Inspired
by transformer-based multi-scale feature learning [6], ob-
ject slots with larger token sizes as queries and Object

INote that kins = [kinspos, kinsyel, kinsaec) of the current frame.
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Kinematics with smaller token sizes as keys and values
achieve enhanced computational efficiency, thereby gener-
ating plausible future video frames. The softmax operation
is applied along the last dimension to capture the signif-
icance of each key-value pair for every query. The
values are then aggregated via a weighted sum to generate
the predicted frames. Unlike prior works that scale down
weights by keys, our framework uses a temperature pa-
rameter 7 to modulate inner products before softmax, en-
suring precise attention calibration [1] as follows:

q= Stwq? k= Ktwk:a V= KtWIM

kT ,q) 3)

Cross-OCK(v,k,q; 7) = v - softmax(

The following attention strategies allow the model to
handle complex datasets effectively, ensuring robust per-
formance. This proficiency enhances the model’s ability to
capture object interactions, discern intricate patterns, and
generate comprehensive future frames. Please refer to the
supplementary material for a detailed description.

3.4. Model training

OCK is trained in two steps utilizing a pretrained SAVi [20]
model. Initially, we train SAVi to decompose video frames
into object slots. Then, our model is trained by feeding the
extracted object slots into OCK to predict future slots. The
predicted slots are transformed into images and masks using
the pretrained SAVi for frame reconstruction.

Our model undergoes training by taking the last N out-
put slots from the transformer. These features are then fed
into a linear layer to output object slots at the subsequent
timestep. To ensure the continuity of future frame predic-
tion, following prior works [37, 44], the generated object
slots 5’T+1 serve as input for the subsequent slot prediction
3T+2 in an autoregressive way, facilitating the generation
of any number of future frames H. The model objective is
to minimize the object reconstruction loss and image recon-
struction loss with a hyperparameter « as follows:

L= Lobjecl + O@Cimag& (€]

The object reconstruction loss Lopject iS computed as the
L2 loss between the ground-truth object slots Spj and the
reconstructed object slots Spj, as:

N H
1 Sn n
Eobject = N-H Z Z HST+h - 8T+hH2- 4)

n=1h=1
The image reconstruction 10ss Limage is calculated using
a frozen SAVi decoder f3AV! to transform the predicted ob-
ject slots $T+h into an image, which is then compared to
the corresponding ground-truth video frame o7, as:

H
1 .
Limage = T E | £52(Sr4n) — 074n|2- (6)
h=1

4. Experiments

This section evaluates OCK on synthetic and real-world
datasets with diverse scene complexities. We provide an
overview of the datasets and baselines, followed by an eval-
uation of video prediction and scene decomposition accu-
racy. Then, we conduct ablation studies to investigate the
impact of architectural variations on overall performance.

4.1. Experimental details

4.1.1. Datasets

We evaluate the performance of our proposed module
across synthetic and real-world datasets to ensure a compre-
hensive assessment across a spectrum of complex scenarios.
OBJ3D [21] consists of 3D geometric objects on a gray
background, set in motion to simulate dynamic environ-
ments in synthetic scenes. Each video consists of 100
frames at a 128x128 resolution, with randomly colored ob-
jects rolling toward dynamically positioned central objects.
Multi-Object Video (MOVi) [12] progressively increases
in complexity from A to E, introducing a wider variety of
objects’ appearances, motions, and backgrounds. MOVi
datasets are specifically designed to test object discovery
and tracking in dynamic environments. From an object-
centric learning perspective, MOVi-{C,D,E} are regarded
as challenging testbeds, as they consist of real-life objects
(i.e., shoes, toys) and backgrounds (i.e., sky, grass, marble
floor) captured from large camera motions.

Waymo Open Dataset [34] consists of high-resolution
video sequences recorded at a resolution of 1280x1920 us-
ing a multi-camera system installed on Waymo vehicles. It
includes 798 training scenes and 202 validation scenes, each
lasting 20 seconds and captured at 10 frames per second.

4.1.2. Baselines

G-SWM [21] is one of the representative models in the do-
main of dynamics prediction from images, placing partic-
ular emphasis on object-centric representations. It models
object interactions using appearance information through a
graph neural network and employs hierarchical latent mod-
eling to capture temporal dynamics over time.

SlotFormer [44] (current SOTA) is designed for unsuper-
vised visual dynamics simulation with object-centric rep-
resentations. It leverages the Slot Attention framework to
extract a set of slots that encode object attributes and their
spatial relationships within a video frame.

OCYVP [37] is an extension of SlotFormer that further ex-
plores the transformers by separating the attention block
into specialized temporal and relational attention blocks.
OCVP-Seq refers to the sequential processing of temporal
and relational attention blocks, while OCVP-Par refers to
the parallel processing of the two attention blocks.
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Figure 4. Generation results on MOVi-A. (a) We display the ground-truth frames (top row) and prediction results from two baseline models
and Cross-OCK for comparison. (b) We visualize the kinematics trajectories of foreground objects across predicted frames. The top row
displays the predicted kinematic trajectory overlaid on the frame, and the bottom row shows the isolated trajectory. Darker dots denote
object positions in the latest predicted frame, while lighter dots, with progressively fading colors, represent earlier predictions.

OBI3D MOVi-A MOVi-B MOVi-C MOVi-D MOVi-E
Model  PSNRT SSIM?T LPIPS| PSNRT SSIM?T LPIPS| PSNRT SSIM{ LPIPS| PSNRT SSIM1 LPIPS| PSNRT SSIM{ LPIPS| PSNRT SSIM{ LPIPS]

G-SWM  31.142 0900 0.039 26.140 0.784 0.133 21.850 0.677 0.247 19.466 0.451 0.554 20.567 0.548 0.355 21.166 0.534 0.359
SlotFormer 33.083 0.932 0.024 25.180 0.785 0.134 21.329 0.690 0.215 19.482 0.456 0.534 20.675 0.565 0.332 21.269 0.547 0.335
OCVP-Seq 33.100 0.932 0.025 26.240 0.789 0.127 21.978 0.701 0.219 17.945 0.415 0.631 Diverge Diverge
OCVP-Par 32990 0.931 0.025 26.310 0.788 0.127 21.909 0.688 0.226 17.941 0.402 0.650 Diverge Diverge

Joint-OCK  35.125 0.958 0.019 27.259 0.811 0.124 21.646 0.695 0.198 21.038 0.593 0.370 22.087 0.557 0.282 22.394 0.569
Cross-OCK 34.097 0.925 0.019 27.576 0.812 0.123 21.482 0.703 0.209 21.040 0.592 0.376 22.338 0.568 0.236 22.340 0.572

0.302
0.302

Table 1. Evaluation of video prediction quality across six synthetic datasets, increasing in scene complexity from left to right. “Diverge”
denotes the phenomenon where prediction performance degrades due to suboptimal slot extraction by the encoder.

MOVi-A MOVi-B MOVi-C MOVi-D MOVi-E
Model FG-ARIf mIOU{ FG-ARIf mIOUt FG-ARI{ mIOU{t FG-ARIf mIOU{  FG-ARI}  mIOU}
G-SWM 0.431 0.500 0.410 0.443 0.238 0.414 0.239 0.327 0.374 0.012
SlotFormer 0.452 0.505 0.398 0.444 0.240 0.415 0.235 0.325 0.368 0.011
OCVP-Seq 0.433 0.503 0.403 0.448 0.121 0.410 Diverge Diverge
OCVP-Par 0.435 0.501 0.364 0.449 0.113 0.402 Diverge Diverge
Joint-OCK 0.560 0.541 0.483 0.453 0.347 0.528 0.429 0.482 0.379 0.019
Cross-OCK 0.563 0.547 0.481 0.452 0.339 0.515 0.430 0.482 0.380 0.020

Table 2. Evaluation of unsupervised video decomposition across five MOVi datasets. We exclude OBJ3D due to the absence of segmenta-
tion masks, which are necessary for generating the decomposition of individual slots.

4.1.3. Evaluation metrics ing per-slot object masks generated by the SAVi decoder.
FG-ARI is a similarity metric that assesses the correspon-
dence between predicted and ground-truth segmentation
masks in a permutation-invariant manner, renowned for its

comprehensive evaluation of the predicted dynamics [20].

Video Prediction. To assess the visual quality of the
predicted videos, we report PSNR [15], SSIM [41], and
LPIPS [47], where LPIPS demonstrates the highest percep-
tual similarity to human perception compared to PSNR and

SSIM. Despite the limitations of PSNR and SSIM in accu-
rately assessing video quality [27], our model demonstrates
strong performance in all metrics.

Scene Decomposition. We calculate the foreground Ad-
justed Rand Index (FG-ARI) and mean Intersection over
Union (mloU) to evaluate the predicted object dynamics us-

4.2. Video prediction on synthetic dataset

OCK demonstrates robust performance across environ-
ments of varying complexity, showcasing its ability to gen-
erate perceptually realistic predictions closely aligned with
human perception as presented in Tab. 1. Notably, Cross-
OCK achieves superior performance on complex MOVi-
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Figure 5. Generation results of OCK on Waymo Open Dataset.

Model PSNR? SSIM? LPIPS]
SlotFormer  19.127 0.330 0.714
OCVP-Seq  18.983 0.329 0.718
OCVP-Par Diverge
Joint-OCK  25.023 0.798 0.251
Cross-OCK  25.979 0.728 0.220

Table 3. Evaluation of video prediction on Waymo Open dataset
against transformer-based baseline models.

{D,E} datasets by enabling the model to focus on relevant
features specific to individual objects. We present qualita-
tive results in Fig. 4a, where our model successfully gen-
erates future frames despite minor discrepancies (marked
() in certain object locations compared to the ground-truth
frames. These subtle differences have minimal impact on
the overall prediction quality. In contrast, baseline models
exhibit significant shortcomings, such as objects collaps-
ing into amorphous shapes (marked (1) or losing their ap-
pearance and generating incorrect dynamics (marked ).
Fig. 4b showcases the model’s ability to accurately extract
kinematics features from a sequence of video frames, facil-
itating precise prediction of object interaction.

Our model consistently demonstrates the most reliable
and visually plausible predictions. Both OCK models
strategically prioritize key features by integrating high-level
object embeddings with low-level visual cues, facilitating
precise object slot extraction and underscoring the pivotal
role of Object Kinematics in preserving coherent appear-
ances and motions for accurate video prediction.

4.3. Scene decomposition on synthetic dataset

To evaluate the accuracy of the predicted frames, we assess
the quality of per-slot video decomposition using segmen-
tation masks obtained from the video prediction process.
As reported in Tab. 2, OCK exhibits performance compa-
rable to four baseline models and proves the validity of the
visual quality of the predicted videos. Accordingly, this un-
derscores the positive trend of our model surpassing well-
established benchmarks. For qualitative per-slot decompo-
sition results, please refer to the supplementary material.

LPIPS over predicted frames on MOVi-A  LPIPS over predicted frames on MOVi-B
014

Cross-OCK
Joint-OCK
GSWM |
SlotFormer !

Cross-OCK |
{ ——— Joint-OCK | 0124
G-SWM
SlotFormer | 010

5 10 15 5 10 15
Predicted Frames Predicted Frames

Figure 6. Long-term generalization results on the MOVi datasets,
trained with 6 input frames and 8 future frames. Each video con-
tains 24 frames, with generalization performance evaluated up to
the 18th frame using the first 6 frames used as input.

4.4. Evaluation on real-world dataset

We evaluate video prediction performance in the Waymo
Open Dataset in Tab. 3. We exclude scene decomposition
due to the low reliability of the preprocessed segmentation
masks. The Waymo Open Dataset, renowned for its vi-
sual complexity in real-world driving scenarios, serves as
a challenging benchmark for object-centric learning. Con-
sequently, high-speed vehicle motion and rapid background
changes introduce inherent challenges, potentially affecting
performance in real-world driving conditions. Despite these
limitations, both OCK approaches achieve outstanding re-
sults compared to baseline models while preserving the vi-
sual quality of predicted videos. Moreover, as shown in
Fig. 5, OCK successfully captures object interactions and
makes structured predictions of object attributes and dy-
namics within the scene. For additional qualitative results,
please refer to the supplementary material.

4.5. Evaluation on long-term generalization

To test long-term prediction capabilities, we evaluate OCK
on two MOVi datasets over a longer horizon, surpassing the
settings used in training. This is noteworthy as both datasets
are trained with only six frames, significantly shorter than
the full lengths. Even without additional regularization,
OCK exhibits strong generalization for longer sequences
during test time. In Fig. 6, the perceptual similarity of all
models remains stable during initial frames but begins to
diverge from the 7th predicted frame onward. Unlike base-
line models that rely solely on object appearances and are
prone to error accumulation, OCK effectively generalizes
to variations in object motion and appearance, enhancing
its long-term dynamic video prediction capability.

4.6. Ablation studies

In this section, we analyze how each transformer compo-
nents influence the performance of dynamic video predic-
tion in Tab. 4. We further conduct ablation studies on the
two approaches, Joint-OCK and Cross-OCK, in Tab. 5.
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Method PSNR1 SSIM1 LPIPS|
Cross-OCK(A) 27.576 0.812 0.123
Joint-OCK(A) 27.259 0.811 0.124

27.012 0.801 0.125
27.122 0.806 0.125
26.924 0.796 0.130
26.503 0.784 0.133
23.600 0.591 0.205
23.583 0.589 0.207

Input Frame =4
Input Frame = 8
Trans. Layer = 6
Trans. Layer = 8
Vanilla PE.

Teacher Forcing

Table 4. Ablation study of transformer components on MOVi-A.

4.6.1. Transformer component analysis

Input frame. Our default training configuration for MOVi
datasets involves utilizing six input frames and predicting
eight frames. Increasing the number of input frames im-
proves model performance; however, a slight decline is ob-
served when further extending it to eight frames. This phe-
nomenon arises from the adequacy of a six-frame history
length for accurately capturing the object dynamics.
Transformer (Trans.) layer. We utilize four transformer
layers as the default for MOVi-A. Additional layers result
in unstable model training, and further augmentation causes
diverging loss metrics. This underscores the crucial balance
between the depth of the transformer model and training
stability in addressing the complexities of object dynamics.
Vanilla positional encoding (P.E.). Our work incorporates
temporal positional encoding such that object slots at the
same timestep receive identical positional encoding. To
evaluate its significance, we compare our approach with si-
nusoidal positional encoding, which disrupts permutation
equivariance among object slots. As shown in Tab. 4, pre-
serving permutation equivariance serves as a crucial prior,
thus, maintaining the equivariance is essential to ensure ac-
curate long-term dynamic video prediction.

Teacher forcing. We replace our model to incorporate a
teacher forcing strategy [26] by feeding ground-truth object
slots instead of predicted object slots during training. Sur-
prisingly, this leads to a significant decline in performance,
particularly affecting performance over longer prediction
horizons. Thus, it highlights the importance of learning to
handle its imperfect predictions for accurate dynamics mod-
eling during training to optimize real-world predictions.

4.6.2. Object kinematics analysis

We evaluate both analytical and empirical approaches to in-
vestigate the potential impact of Object Kinematics com-
putation variations on overall performance in Tab. 5. We
train our model using six frames to predict eight subsequent
frames and report the results for predicting 10 frames. Our
analysis reveals a slight performance advantage for the an-
alytical approach over the empirical approach. This is at-
tributed to the fact that using the temporal positional state

MOVi-A MOVi-B
Method PSNR? SSIM?T LPIPS| PSNR{ SSIM{ LPIPS

Cross-OCK(A) 27.576 0.812 0.123 21.482 0.703 0.209
Joint-OCK(A) 27.259 0.811 0.124 21.494 0.695 0.212

Cross-OCK(E) 27.536 0.791 0.125 21.480 0.693 0.213
Joint-OCK(E) 26.750 0.801 0.125 21.482 0.694 0.213

25.180 0.785 0.134 21.329 0.690 0.215

Transformer

Table 5. Kinematic ablation of both transformer mechanisms on
the MOVi-{A,B} datasets. (A) for the analytical approach, and
(E) denotes the empirical approach.

of the current frame for guidance can be advantageous, but
object dynamics in complex environments are often aperi-
odic, such that an inductive gradient-based learning may
introduce confusion. Therefore, the analytical approach,
which calculates the anticipated Object Kinematics of the
subsequent video frame and integrates it with the current
frame’s kinematics, generates more accurate frames. This
is especially significant in complex dynamic environments
where objects collide and consistently change their appear-
ance since it enables the model to predict accurate dynamics
and generate future frames with even greater precision.

5. Limitations

Despite considerable advancement in realism compared to
previous work, we find evidence of a significant gap in
the current slot-based object-centric encoder, which hinders
its scalability in in-the-wild datasets [28]. Our framework
can easily integrate state-of-the-art pretrained slot encoders,
thus, a possible solution is to substitute the slot encoder to
extract object representations from real-life videos, which
would be a significant contribution to future work.

6. Conclusion

In this paper, we present OCK, an object-centric video pre-
diction model that captures intricate object details by lever-
aging time-static object slots and time-varying Object Kine-
matics in an unsupervised manner. We propose a novel
component named Object Kinematics along with two trans-
former architectures to enhance dynamic video prediction
performance in complex synthetic and real-world datasets.
Experimental results demonstrate that our model effectively
captures spatiotemporal object patterns by utilizing time-
varying kinematic attributes, surpassing prior methods that
primarily emphasize static object appearances and explicit
scene-level interactions. Incorporating time-varying kine-
matic information shows significant potential for modeling
object dynamics, enabling improved object-centric video
prediction and generation in real-world environments.
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