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: Method Results
OCK is an object-centric video prediction model that leverages Object

Kinematics to understand time-varying motion alongside time-static object P Kinematics Encoder
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appearance. By incorporating explicit kinematic attributes, OCK effectively E o
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models spatiotemporal object patterns, leading to superior generalization and
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more accurate long-term predictions in dynamic and complex scenarios.
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eXpIICItIy mtegrates ObJeCt appearances and ObJeCt kinematics. Slot Encoder Kinematics Encoder Slot Encoder Kinematics Encoder rooooooes ey T K .....
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leveraging object-centric motion attributes. + @EDLD Object kinematics >
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« By overcoming the limitations of models that rely solely on static visual = " e : |
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attributes, our integrated approach achieves superior performance,
particularly in complex and dynamic environments.
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OCK is built upon an autoregressive object-centric transformer, which uses
two parallel encoding modules to predict future frames:

i i « Slot Encoder: We use SAVi' model to extract permutation-invariant
Motivation object slots S, from video frames, which capture object appearances.
« Kinematics Encoder: A CNN-based network extracts explicit object

motion information named Object Kinematics K;, including position, OBI3D MOVi-A MOVi-B MOVi-C MOVi-D MOVi-E
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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
8 the 18th frame using the first 6 frames used as input.
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VeIOCIty’ and acceleration: X? ¢(0¢) G-SWM  31.142 0.900 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
K. 2 vel | — A(XPOS _ XPOS 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
t = | X¢ — t t—1 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
Input image acc Vel _ Xvel OCVP-Par 32.990 0.931 0.025 26.310 0.788 0.127 21.909 0.688 0.226 17.941 0.402 0.650 Diverge Diverge
_ _ _ _ _ _ Xe t t 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 0.302
° ObJeCt_CentnC representa“on IS a parac“gm that decomposes a scene |nto These features are SUbsequently fed intO the OCK transformer We 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
discrete, Iocalized SIOtS, enabling structu red reaSOning, COmPOSitiona”ty, introduce two a|ternative arChiteCtU res: Table 1. Evaluation of video prediction quality across six synthetic datasets, increasing in scene complexity from left to right. “Diverge”
and generalization based on indiViduaI ObjeCt properties and relatiOnShipS. JOint OCK ThIS mOdeI Concatenaies ObjeCt SIOtS and kinematics s o denotes the phenomenon where prediction performance degrades due to suboptimal slot extraction by the encoder.
 Human perception understands scenes by decomposing them into time- : - ' .
static object appearances and time-varying object motions. single input for é standard transformer. . . . Previous work vs. Ours Code
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Capture complex interaclions and maintain temporal consistency. 1 SAVi stands for Slot Attention for Video. See Kipf et al. 2021 for details. : S, yjsong o
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