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Abstract. Recent video generation models have achieved remarkable
progress and are now deployed in film, social media production, and ad-
vertising. Beyond their creative potential, such models also hold promise
as world simulators for robotics and embodied decision making. Despite
strong advances, current approaches still struggle to generate physically
plausible object interactions and lack object-level control mechanisms. To
address these limitations, we introduce KineMask, an approach for video
generation that enables realistic rigid body control, interactions, and ef-
fects. Given a single image and a specified object velocity, our method
generates videos with inferred motions and future object interactions.
We propose a two-stage training strategy that gradually removes future
motion supervision via object masks. Using this strategy we train video
diffusion models (VDMs) on synthetic scenes of simple interactions and
demonstrate significant improvements and generalization to rigid body
and hand-object interactions in real scenes. Furthermore, KineMask in-
tegrates low-level motion control with high-level textual conditioning via
predicted scene descriptions, leading to support for synthesis of complex
dynamical phenomena. Our experiments show that KineMask general-
izes to different VDMs and achieves strong improvements over recent
models of comparable size. Ablation studies further highlight the com-
plementary roles of low- and high-level conditioning in VDMs.

Project Page: https://daromog.github.io/KineMask/
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1 Introduction

Recent years have seen substantial advances in video generation, with Video
Diffusion Models (VDMs) emerging as a leading paradigm for high-resolution,
temporally consistent synthesis [10}/26,/32,/63]. This progress has elevated visual
quality and enabled early commercial use in creative performances [41], exper-
imental filmmaking [12], and advertising [|48]. Beyond content creation, VDMs
have also been explored as world models [24], capable of anticipating real-world
interactions and supporting robotics and embodied decision making [3,5,(18].
Realizing this vision, however, requires strict physical plausibility and control,
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@ Predicted Video Description
“On a wooden counter there are two cups —
of coffee. The cup on the left moves toward Added for Visualization
the cup on the right. It collides with ...."

Fig. 1: We enable object-based control with a novel training strategy. Paired with
synthetic data constructed for the task, KineMask enables pretrained VDMs
to synthesize realistic rigid body interactions in real-world input scenes.

since small deviations from realistic physics can accumulate into large errors
in predicted dynamics. Yet, current VDMs struggle to capture fundamental
traits such as object permanence, collisions and causal interactions, even
for large-scale models like Veo-3 . Hence, methods for physically accurate
video generation are a key step toward establishing VDMs as reliable world
models. Recent frameworks such as WonderPlay , PhysGen and Phys-
Gen3D integrate physics-based simulators into data-driven video generation,
but rely on explicit scene reconstruction, a challenging task on its own. Differ-
ently, drag-based approaches can move objects, but often
requiring pre-defined target points, thus preventing the inference of causal ef-
fects of motion from starting conditions only. Around the time of this work, Force
Prompting introduced physics-guided controls into VDMs using simulated
training data. While promising, it offers limited fine-grained control and object
interactions realism, often producing unrealistic dynamics, and distorted shapes,
showing a lack of understanding of causality. Motivated by these limitations, we
propose an approach enabling video diffusion models to generate physically real-
istic object interactions, as a core requirement for robotics and video generation.
Our approach aims to answer two central questions for world models: (1) Can a
video diffusion model generate realistic interactions between rigid bodies given
initial dynamic conditions?, and (2) how do data and textual conditioning in-
fluence the emergence of causal physical effects in generated videos?.

To address these questions, we introduce KineMask, a framework for gen-
erating accurate object interactions and effects in complex scenes (Figure .
KineMask provides low-level kinematic control over parameters such as object
direction and speed, while inferring object interactions directly within the VDM.
KineMask is trained on simulator-rendered videos that capture not only physi-
cally valid dynamics but also explicit speed-dependent object interactions, paired
with textual descriptions of the underlying events. We leverage object masks
as guidance, enabling single-frame motion control and improving the model’s
understanding of shapes. Beyond low-level control, KineMask integrates high-
level prompt conditioning through textual descriptions of future scene dynamics.
KineMask provides low-level Kinematic control through velocity masks, com-
bined with high-level text conditioning, and learns physically-inspired causality
and motion from simulated data, improving controllability and physical plausi-
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bility. At inference, it predicts dynamics from a single input image and enables
the generation of complex effects, such as liquid spilling as a result of a collision
(Figure . Extensive experiments show that KineMask not only introduces new
control capabilities but also outperforms state-of-the-art models of comparable
size, while ablation studies highlight the importance of both the proposed train-
ing strategy and the integration of low- and high-level controls. In addition, we
show that improvements of KineMask generalize to different VDMs. To this end,
we first demonstrate advantages of KineMask for CogVideoX-5B [63] and then
verify improvements by applying KineMask to Wan2.2-5B [57] and Cosmos2.5-
2B [3] video models. In summary, we propose the following contributions:

1. We introduce KineMask, a mechanism for object motion conditioning in
VDMs, based on a novel two-stage training and conditioning encoding.

2. We train KineMask on a synthetic video dataset composed of simple ob-
ject interactions and demonstrate resulting models to enable generation of
complex object interactions in realistic scenes.

3. We evaluate KineMask by combining low-level motion control with high-level
textual conditioning, and demonstrate significant improvements of multiple
video models in the task of generating realistic rigid body interactions.

2 Related Works
2.1 Video Diffusion Models

Early VDMs directly extended image generators by inserting temporal layers into
denoising U-Nets [2,/7,/8,/141[23}|60L|61]. Later, video synthesis improved through
the usage of Diffusion Transformers (DiTs) [45], inheriting scaling properties
from native transformer-based architectures. The use of DiTs allowed for higher-
resolution videos and stronger visual quality [25L32,57,63]. We build KineMask
on CogVideoX [63], benefiting from the advantages of DiTs. Beyond creative pur-
poses, diffusion-based video generation is now used for world modeling, by synthe-
sizing the possible outcomes of actions in an environment. [5,56] first proposed
diffusion-based world models on restricted scenarios. Some like GATA [27,/49]
train at scale on specific domains such as autonomous driving, while Cosmos [3]
uses large-scale data to handle heterogeneous domains. These models still suffer
from limited realism in generating object interactions, motivating our study.

2.2 Control for video generation

Significant efforts have been made to extend control on generated videos beyond
textual conditioning. On images, ControlNet [65] and similar approaches [43}/69]
proposed plug-and-play control trainable components for dense conditioning such
as edges, depth, or human poses. In videos, VideoControlNet [28] propagated
conditions frame by frame using optical flow, while others focused on pose-driven
human video generation [67] or keyframe-to-video propagation [35]. More recent
works such as SparseCtrl [22] uses just a few keyframes for sketch, depth, or
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Fig.2: KineMask pipeline. We encode our low-level control signal as a mask
encoding the velocity of the moving objects, to train a ControlNet (left) in two
stages using Blender-generated videos of objects in motion. In the first stage, we
train with all mask frames as control. In the second stage, we randomly drop
parts of the final mask frames. Additionally, we provide a high-level textual
control extracted by a VLM. At inference (right), we construct the low-level
conditioning with SAM and use GPT to infer high-level outcomes of object
motion from a single frame.

o

image conditioning, ignoring motion conditions. MotionI2V first infers ob-
ject motion with flow generation, then it renders a video using flow as control.
A significant line of works allows motion control with dragging trajectories
. While effective, these require pre-defined trajectories,
and are unable to infer motion causal effects from initial conditions. Some drive
motion by directly guiding attentions or noise using reference videos. Be-
yond single modalities, Cosmos-Transfer |1] demonstrates adaptive multimodal
conditioning. To our knowledge, KineMask is the first approach training VDMs
to generate rigid body interactions by controlling initial object velocity only.

2.3 Physics-aware video generation

The interactions between physical understanding and video generation is a grow-
ing research field. A first line of work integrates physical simulations with learning-
based techniques. In particular, PhysDreamer generates oscillatory motions
on 3D Gaussians, while DreamPhysics learns physical properties of dynamic 3D
Gaussians with video diffusion priors . On video generation, WonderPlay
bridges physics solvers and generative video models to synthesize dynamic 3D
scenes across diverse physical phenomena. PhysGen3D and PhysGen ap-
ply a similar approach using 3D and 2D information respectively for rigid body
interactions. However, the use of a simulator requires significant engineering ef-
forts and limits the flexibility of models. Differently, others ﬂg[, map input
kinematics to future frames, but requiring dataset-specific training. Instead, C-
Drag infers causal motion on output videos with LLMs, and combines it
with tracking control to allow video generation. Using purely diffusion models,
InterDyn [4] explores the capability of video models to render realistic object
dynamics. However, it exploits frame-wise masks of controlling elements, which
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are typically unavailable at test time. Similarly to us, [34] explores physics post-
training but focuses on gravity effects. Goal Force [21] focuses on goal forces and
Force Prompting [20] explores similar ideas to ours but does not consider object
interactions and deploys simpler motion control. We compare to Force Prompt-
ing and demonstrate improved performance synthesizing object interactions.

3 KineMask

KineMask is designed to synthesize realistic interactions among rigid bodies
given an input image and the object velocity encoded by an object mask, as in
Figure 2] Below, we introduce preliminaries in Section [3.1} We then describe our
conditioning mechanism in Section and outline the training and inference
procedure in Section

3.1 Preliminaries

Video diffusion Models. VDMs generate data by reversing the noising pro-
cess. In training, a clean video xq € RF*H*WxC ig perturbed into a noisy version
x;¢ by adding Gaussian noise at a randomly sampled timestep ¢, and the model is
optimized to approximate the corresponding reverse transition. At inference, the
process is inverted: starting from pure Gaussian noise x7, the model denoises
through intermediate states {x;}~ ; until it recovers a clean output video xq af-
ter T steps. To be grounded to real scenes, we use image-to-video (I12V) models,
where the video synthesis is conditioned on a reference image y. Formally, we
denote by pg the VDM with parameters 6. Conditioned on a high-level textual
description ¢ and a reference image y, the denoising step is:

Xi—1 Pe(xt—l | Xtvcay)a (1)

where x;_1 is a tensor defined over the frame dimensions. The training loss
minimizes the KL divergence between the true reverse conditional p and the
model distribution:

Ediff(e;x()7y7c> t) = DKL(p(thl | Xt7X0) H p@(xtfl | Xt7c7y)>' (2)

In practice, this objective is implemented by a noise prediction task in which
the network learns to estimate the Gaussian noise added to xg.

ControlNet. To allow additional guidance, a ControlNet [65] branch 4, pa-
rameterized by ¢, can encode an arbitrary dense control signal u € RFXHxWxD
driving the output generation. For more details, please refer to [65]. The denois-
ing step then becomes:

Xt—1 p@(xtfl | Xt, G, Y, l/%b(u)) (3)

When training the ControlNet, the parameters of the backbone model 6 are kept
frozen, while only the control branch ¢ is optimized. The corresponding loss is:

ﬁctrl(QS; X0, ¥, W, ¢, t) = DKL(q(thl ‘Xta XO) || pb‘(xtfl ‘Xtv Gy, W:(u))) (4)
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3.2 Enabling Motion Control

First-Stage training. We now want to enable object-wise motion control
for KineMask. Specifically, our goal is to move an object in an input scene y
with controlled direction and velocity, allowing us to study the effects of ob-
ject interactions in the videos generated with diffusion models. To do so, we
assume access to a dataset D of captioned videos depicting objects in motion.
Let f € {1,...,F} denote the frame index. For each frame f and object in
the scene, we are given a mask my € RHXWX3 aligned with the image resolu-
tion. The three channels encode the instantaneous velocity vector, with the red,
green, and blue channels corresponding to motion along the z-, y-, and z-axes,
respectively, in the pixels defined by a segmentation mask of the object. In this
way, D provides not only spatial information about object locations, but also
explicit ground-truth dynamics. The velocity masks are then aggregated into a
tensor m € REXHXW>3 and used to condition t,. Similarily to [4], we anno-
tate in this way only the velocity of the objects moving in the first frame of the
rendered video, leaving blank the mask for objects potentially moved by inter-
actions. We visualize our strategy in Figure |2| (top). This enforces the model to
synthesize interactions without explicitly relying on pixel control. We can then
train a first-stage KineMask ControlNet ¢’ by solving:

¢/ = arg m(;n IE(xo,y,m,c)wD,t |:£ctr1(¢; X0,Y, M, ¢, t) ) (5)

The ¢’ network learns to map dense pixel-wise supervision into structured guid-
ance for object motion in the generated videos. We show the training masks in
Figure [2| (top), more examples can be seen in Appendix.

Second-Stage Training KineMask ¢’ enables motion control given motion
masks m provided for all the frames of a video. While such a setup simplifies
training, it does not correspond to our desired scenario of video generation con-
ditioned only by the object motion at the first video frame. Towards this goal,
we use a mask dropout strategy, randomly erasing part of the velocity masks
in m at training time, as shown in Figure [2 (bottom). Formally, we define a
truncated mask tensor:

mg ={mg r=my if ff* 0 otherwise}?:o. (6)

where f* denotes the masked frame indices, and depends on the dropout ratio.
Thus, only some frames contain velocity supervision, while the remainder of the
sequence is set to zero. We then train a second-stage KineMask ¢” by finetuning
¢’ with this strategy, solving:

¢N = arg rg}/n IE(xo,y,m,c),ND,t |:£ctrl(¢/; X0,Y,Me, C, t):| . (7)

As a result of the dropout during training, the VDM equipped with ¢ is
able to move objects by taking as input only the initial velocity, with mg =
{my, 0, ...,0}. Ultimately, to render realistic videos, the VDM must synthesize
motion dynamics starting from initial conditions only.
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3.3 Data

Training. We show our training pipeline in Figure [2| (left). For training ¢,
we assumed the availability of a dataset D = {(x¢,y, m,c)}. Besides the target
video x and the reference conditioning image y, we require both low-level and
high-level conditioning for physical dynamics. At the low level, we require the
aggregated velocity masks m defined in Section At the high level, instead,
we associate each video with a textual description ¢ summarizing the effects of
physical interactions. Since collecting real-world videos with such annotations is
impractical, we generate synthetic data in Blender. Importantly, such simulated
data still allows to generalize to real scenes, as we empirically verify in our
experiments. We render scenes with boxes and cylinders placed on textured
surfaces, and assign to each controlled object an initial velocity with random
direction and magnitude. This procedure yields xy as the rendered video, y as
the first frame of the sequence (used for image-to-video conditioning), and m as
the stack of per-frame velocity masks, which provide supervision of motion. To
obtain the high-level descriptions ¢, we instead process each rendered video with
a vision—language model (VLM), prompted to provide detailed video captions
with particular focus on object interactions. The full prompt used for caption
generation is reported in Appendix.

Inference. We assume as input an unseen image y. An object mask is obtained
for the target object using SAM2 [47], while the desired object velocity at the first
frame is assumed to be provided by the user. We use this information to construct
mg. We also prompt GPT-5 [44] for a description ¢juser of the effects on the scene
if the object starts moving in the direction indicated by the user. The full prompt
is in Appendix. Combining those with random noise xr ~ N (0, 1), we construct
the input tuple {xr, Yinput, Mo, Cinfer } compatible with our VDM equipped with
¢". Our inference pipeline is illustrated in Figure [2] (right). Please note that at
inference the user simply draws an arrow, mapped to RGB masks automatically.

4 Experiments

We describe the experimental setup in Section [4.1] Section presents our main
results and compares KineMask to the state of the art. Finally, Section [£.3]shows
a comprehensive analysis with ablations for different components of our method.
Further ablations are in Appendix.

4.1 Setup

Datasets. We generate two synthetic datasets for training and evaluation. Fol-
lowing Section we render cubes and cylinders with random colors, moving
on textured backgrounds from AmbientCG [6]. The first Interactions dataset
contains objects moving in random directions and interacting with each other.
We also construct a Simple Motion dataset, where isolated objects are moving
in random directions without collisions. For both, we generate 10,000 training
and 100 test samples. Test videos use disjoint colors and textures compared to
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Fig.3: Comparison with CogVideoX. While CogVideoX often suffers from
several failure modes, such as hallucinations and incorrect motions, KineMask
follows target motion and generates realistic object interactions. We improve
object interactions in collisions and show causal effects of object motion.

training to ensure diversity. We visualize samples of the generated data in Ap-
pendix. We also include a Real World set of 50 images, collected from the
web or generated with ChatGPT’s image generator [30], used to assess gen-
eralization to real scenes with complex objects. Note that unlike Simple Motion
and Interactions, Real World does not include ground-truth motion trajectories.
We use Tarsier to extract captions ¢ for synthetic data.

Implementation. We adopt CogVideoX-12V-5B (CogVideoX) as backbone for
KineMask. We use ControlNet on the first 8 layers of the model, with weight
at 0.5. For ¢”, we also apply a non-uniform sampling strategy for f*, where
frame selection is biased toward earlier frames, as rigid body interactions occur
most frequently at the beginning of the simulated sequences. Further details are
provided in Appendix. We generate 49 frames at inference.

Baselines. We consider two baselines using pretrained image-to-video models:
CogVideoX and Wan2.2-12V-5B (Wan). We prompt both baselines with
the same c¢jyfe; as used for KineMask. Since we use CogVideoX as a backbone for
KineMask, these two methods only differ by our training procedure. We choose
TORA , also based on CogVideoX, as a drag-based baseline. Since TORA
requires the full drag trajectory, we draw it starting from the target object de-
pending on the input velocity (see Appendix). We also include MotionI2V as
mask-constrained drag method, that we prompt using SAMv2 masks and a drag
trajectory similar to TORA. Finally, we evaluate Force Prompting (FP) , by
mapping our input velocity to input force prompts . Force Prompting is also
built on CogVideoX. More details are in Appendix.

Metrics. For visual quality, we report the Fréchet Video Distance (FVD) [55]
and the mean squared error (MSE) between generated and ground-truth videos
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Direction

Fig.4: Degrees of freedom. We show control of different aspects of KineMask
outputs. We can choose different directions (left), speed (middle), and objects
to move (right), opening potential for world modeling.

in our synthetic test sets. For motion, we compute the Fréchet Video Motion
Distance (FVMD) [39], which isolates motion quality from appearance. Finally,
we use SAM2 to extract semantic masks of objects in generated videos,
and compute Intersection over Union (IoU) with ground-truth masks and assess
geometric consistency.

4.2 Comparison with baselines

Qualitative Comparison. We demonstrate qualitative improvements on Real
World scenes. While for space reasons we compare only with the backbone
CogVideoX in Figure |3} we include comparisons against all baselines in the Ap-
pendix. We noticed that CogVideoX suffers from unrealistic interactions, making
objects fly or disappear. Instead, KineMask generates realistic interactions with
other objects if they are present in the path of motion of the initial moving
object, showing a correct understanding of rigid body dynamics. We also show
(Figure bottom left) complex interactions that require implicit 3D understand-
ing, making the glass of juice fall and crash as a result of motion. Our realistic
real world outputs show a strong generalization of the knowledge acquired from
simulated videos.

: 1 Motion Interactions Physical

User Study. In Higure B e o e I ot
show results of a user study pew— W EE— W EE W v

: o SIS o S o
with 30 participants, who perform ol S gy | voronzv
pairwise comparisons of videos [EEZNNNNN [ [EANNNNN [0 SN I Force Prompting

generated by KineMask and base- [ Ours better Equal R Basaline better
lines on Real World. Participants
are presented with initial images
and input object velocities indi-
cated by arrows. We ask them to
evaluate outputs on three different axes: motion fidelity to the control signal
(Motion), realism of the object interactions (Interactions), overall physical con-
sistency (Physical). Each answer is collected with a three-answer forced choice
format, where we compare our outputs with baselines and we ask for user pref-
erences, allowing also to reply “both have the same quality”. The full details are

Fig.5: We widely outperform baselines on
motion fidelity, interaction quality, and over-
all physical consistency.
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Fig.6: Impact of training data. While KineMask trained on Simple Motion
is able to generalize to Real World images, the lack of object interactions in
Simple Motion results in hallucinations (top). Training on Interactions results
in collisions and plausible motion of pushed objects (bottom).

presented in Appendix. The collected user preferences indicate that our method
significantly outperforms all baselines in all questions. This demonstrates that
existing methods are unsuitable for rendering interactions with starting condi-
tions only. Kinemask, instead, renders realistic interactions.

4.3 Analysis and ablation studies

Low-level motion control. In our first set of experiments, we evaluate Kine-
Mask on low-level motion control. To do so, we train KineMask on Simple Motion
with a prompt ¢y =“An object moving on a surface”, hence discarding the rich
description ¢ extracted by Tarsier. At inference, we assume cipger = ¢p. Doing so,
we isolate the effects of low-level conditioning from high-level textual control,
allowing for a fair assessment of KineMask as a motion conditioning method.

Fine-grained control. In Figure 4l we present results on different degrees of
freedom of KineMask. Despite being trained on basic synthetic data, KineMask
generalizes motion control to complex real-world scenes, coherently with the
findings in [20]. In particular, we show that KineMask achieves disentangled
control over different directions, speed, and objects. This allows for a fine-grained
evaluation of motion dynamics, precious for world modeling.

Two-stage training. Table [1| shows

Simple Motion

the importance of our two-stage Method [MSE, FVD| FMVD| IoU?
training introduced in Section CogVideoX 1583  601.1  1504.6  0.051
We test KineMask on ngple Motion 2nd stage only 86.3 2888  201.0  0.237

. Our 2nd stag 47.2 160.3 199.8 0.367
only, to study the effects of motion urs (let + 2nd stage)

control in isolation. We report re-
sults of CogVideoX prompted with
c as a lower bound. As baseline, we
train directly ¢” (2nd stage only),
without first-stage pretraining. As
an upper bound, we also evaluate
¢’ using ground truth object masks
provided for every frame at test time (1st stage w/ masks). Our two-stage strat-
egy boosts considerably all metrics compared to training ¢” directly, approaching
the upper bound. We noticed that the IoU is very sensitive to minor displacement
errors of the moving objects (0.367 vs 0.684), that do not impact the quality of
motion as captured by the other metrics.

Ist stage w/ masks | 249 8.7 1656 0.684

Table 1: Ablation on training. We show
that our two-stage training strategy con-
siderably boosts results and approaches
an upper bound exploiting privileged in-
formation (1st stage w/ masks).
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Fig. 7: On top, we show how different velocities impact motion effects, suggesting
causal understanding. At the bottom, we show that the environment impacts
results, for the same velocity but different objects, suggesting mass awareness.

Impact of data. Next, we explore the effects of training data on KineMask
for generating realistic rigid body interactions. We compare models trained on
synthetic samples with and without interactions, and draw conclusions on the ca-
pability of VDMs to learn motion. We still use ¢y at both training and inference,
as in Section (Low level motion control).

Data influence. We evaluate KineMask’s capability to synthesize object interac-
tions depending on the training data. We first test the model trained on Simple
Motion and apply it to Real World data. We deliberately set input velocities to
directions that should generate collisions among objects in the scene. The VDM
fails to render realistic collisions (Figure [6] left). However, KineMask trained on
the Interactions set produces accurate interactions for the same input veloci-
ties (Figure @ right). Hence, KineMask trained on appropriate data allows to
render complex object interactions. Moreover, this experiment yields important
insights: while VDMs are robust to visual distribution shift, as even synthetic
training data do not influence the realism of Real World generated scenes, their
preservation of motion understanding seems to be more impacted, since training
on Simple Motion prevents to generate interactions.

Quantitative evaluation. We vali- Interactions

. . Method Trainin, MSE| FVD| FMVD,| IoU
date the importance of specific data g | v v v LoUT
CogVideoX - ‘ 3446 8073 35149  0.192

with a quantitative evaluation on  cogvideoX Interactions | 201.9 3682 1629  0.243
Interactions, following the same pro-  KineMask  Simple Motion | 1662 3011  160.5 0334

. . KineMask  Int ti 158.7 250.7 143.8 0.355
tocol as in Section (Low-level ~ e remeoms

EiOtiQOHK(SOHﬁOI)I'{ Ash.shownhin bTa— Table 2: Effects of data. Compared
© meMask achieves the best iy 1odels trained on Simple Motion,

results when trained on the Inter- .. ) .
i training on Interactions data considerably
actions dataset. Notably, even when . .
boosts performance in all metrics.

trained only on Simple Motion, it
greatly outperforms CogVideoX Zero-Shot and CogVideoX finetuned on Inter-
actions, highlighting the need of our research to improve object interactions.

Emergence of causality. Figure [7] shows results of KineMask trained on Inter-
actions and tested with different inputs on a Real World scene with interacting
objects. On top, as velocity increases, the interactions also change, indicating
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Fig.8: Multi-Object Control. Generation examples of KineMask for multiple

object control and interactions, using velocity masks for different objects as input
generates objects colliding with each other or with other objects in the scene.

that the model captures causality of collisions. At the bottom, with the same
velocity, we inpaint the input image, removing the interacting object, or replac-
ing it with objects of different mass. The different final position of the moving
object demonstrates understanding of mass in collisions. Note that this result
is challenging for drag-based methods since they imply prior knowledge of the
object final position. KineMask instead maps different target positions to the
same input, depending on the environment.

Multi-Object Control In Figure [§] we show examples of multi-object control, and
interactions. We set initial velocity masks for different objects, and show that
KineMask can render motion and interactions for multiple objects at the same
time. Left, shows two objects moving towards each other, while right shows mul-
tiple interactions with 3 objects in a kitchen. As visible, we preserve realism of
interactions if both objects collide with each other or with other objects.

Generalization. By training on interactions KineMask is able to generalize its
knowledge not only to object-object interaction but also to hand-object and
hand-tool-object interaction as it is shown in Figure[9] By exploiting the knowl-
edge gained in our two stage training with synthetic data to learn plausible
collisions, and its powerful prior knowledge from the real world, KineMask is
able to generate plausible interactions. Notice that CogVideoX generates unre-
alistic motion, where the objects start to move in a certain direction without any
touch from the hand-tool. While KineMask follows the input given by the user,
respects causality and generates plausible interactions. Furthermore, our work
focuses on understanding causality and rigid body interactions to study potential
outcomes of actions in the world, which can be applicable to fields like robotics.
Figure show a sequential generation using an image of hands or a robotic
gripper manipulating objects, in which we apply KineMask sequentially. We also
propose actions using text, to showcase the preservation of textual control.

High-level text conditioning. We now enable the usage of ¢ at training and
Cinfer at inference. This allows us to assess the effects of text introduced in Kine-
Mask, and to draw insights on generalization.

Qualitative evaluation. We compare KineMask trained with ¢y against training
with ¢, while using cjyfer for inference in both cases. Doing so, we aim to evaluate
the effects of textual prompts describing interactions during training. As shown



Learning to Generate Rigid Body Interactions with VDMs 13

Hand-Tool-Object Interaction Hand-Object Interaction

[Weogviceox]

Fig.9: Generalization. KineMask trained on Interactions is also able to gen-
eralize its knowledge to Hand-Tool-Object (Left) and Hand-Object (Right) in-
teractions, showing plausible generations that respect causality.

Fig.10: Sequential Generation. Generation examples applying KineMask se-
quentially, by combining our velocity masks and text only.

in Figure training with rich captions ¢ allows the method to render inter-
actions beyond those used for training, successfully exploiting the VDM prior
knowledge in the rendered videos. Indeed, the model trained with ¢y fails to fol-
low some effects in ¢ipfer, such as vase breaking, or small waves forming. Instead,
the model trained with ¢ is able to benefit from additional information described
in Cipfer, correctly breaking the vase and perturbing the water. Please also note
that the captions used in training are always tied to synthetic elements in In-
teractions, and therefore have limited diversity. Nevertheless, this still enables
successful transfer to cinfer prompts describing complex effects that go beyond
the training distribution of KineMask.

Quantitative evaluation. We evaluate Interactions

metrics with different textual condi- Train Infer) MSE| FVD| FMVD| IoU?t
tioning in Table [3| We consider train- o co |158.7 250.7 143.8 0.355
ings with cp, using ¢y or cCinger at infer- Cp  Cinfer | 174.4 2388  161.3  0.356
ence. Results demonstrate that using ¢ € Cinfer | 1609 231.3 1744 0.376

at training time boosts object consis- .
tency (IoU 0.376 vs 0.356 of the sec- Table 3: Ablation on prompts.

ond best configuration), overall realism ~1raining with ¢ improve object consis-
(FVD 231.3 vs 238.8, MSE on par), tency and quality on synthetic data.
while we lose some motion consistency (FMVD 174.4 vs 143.8 of the best model).
However, note that Table [3includes only evaluation on synthetic data, where we
have access to a motion ground truth. Considering the improved qualitatives on
Real World and the benefit on complex interactions (Figure we believe the
use of captions ¢ during training is still beneficial for the final model to improve
robustness and preserve its capabilities.
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“A ceramic pot moves left, falls from the chair to the floor, and
completely shatters into many small pieces. After breaking, the
pot di and only broken ceramic fragments remain ...”

“Two yellow rubber ducks are floating on a wet surface with
shallow water. The duck on the left begins moving to the right,
heading towards the duck on the right. As the duck ....."

w/ ¢y

w/c

Fig. 11: Impact of text. Training with rich captions ¢ makes KineMask generate
effects that go beyond the synthetic data used for training, exploiting the prior
knowledge of the VDM. While we prompt both models with c¢infer, KineMask
trained with ¢ (bottom row) is able to generate complex effects of the interac-
tions, such as crashing objects, and water effects. Full prompts in Appendix.

Interactions Physical

Generalization to different mod-

. . S | A N R N cogvideox
els. Beyond CogVideoX, the KineMask e § i 0 G 5 wan
. Ce
approach generalizes to other VDM’s. S I N U cosmos
s Ours better Equal B Baseline better

To wverify the generalization, we test

KineMask in combination with Wan2.2-
5B and Cosmos2.5-2B . Following
the same protocol as in [4.2] we per-
form an additional human study (Fig-
ure to evaluate the generations of
KineMask-Wan, KineMask-Cosmos and
compare with the respective backbone

Fig.12: All versions of KineMask
outperform the original models, on
motion fidelity, interaction qual-
ity and overall physical consistency.
Showing its applicability, and gener-
alization, bringing improvements to
different video diffusion models.

models for each case. The collected re-

sponses indicate that all versions of KineMask outperform the original models,
showing better motion, interactions, and physical realism. Additionally, Fig-
ure top row shows the comparison of Wan vs KineMask-Wan, at the bot-
tom we show Cosmos vs KineMask-Cosmos. In both cases the implementation
of KineMask improves the original generation of each model respectively, syn-
thesizing better object interactions, showing plausible collisions with liquid or
flame movement, and glass breaking as a result of a fall, contrary to the original
backbones that show hallucinations in motion and interactions. As expected, we
saw that the implementation of KineMask in models that have better physical
prior knowledge about the real world leads to more realistic generations with
KineMask, showing better physical effects created from interactions.

5 Conclusion

We introduced KineMask, a framework to enable video generation of object in-
teractions and effects in complex scenes. Our experiments show that KineMask
achieves significant improvements over state-of-the-art models of comparable
size, synthesizing realistic multi-object interactions while allowing control over
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Fig. 13: Qualitative comparison with Wan and Cosmos. KineMask-Wan
and KineMask-Cosmos follows target motion and generates realistic object in-
teractions, while the original backbones show implausible motions. This demon-
strates that apart from our original implementation on top of CogVideoX, Kine-
Mask generalize to different VDM’s bringing improvements to all models.

variable object velocities, and demonstrating its applicability and generaliza-
tion to different VDMs. We believe this methodology can inform future work on
world models, with potential implications for robotic manipulation, planning,
and embodied decision making.

Limitations and future work. While effective, KineMask’s low-level conditioning
is limited to velocity, whereas real-world motion depends on factors such as fric-
tion, mass, shape and air resistance. Moreover, we believe that extending to soft-
body interactions will further improve world modeling capabilities. As shown in
Section [.3] combining text-based conditioning with KineMask enhances realism,
highlighting the complementary roles of high-level textual guidance and low-level
video control. These results support the joint use of both modalities for physi-
cally grounded world modeling, and we speculate that advances in multimodal
language models may enable text-based physical reasoning to comple-
ment video generation. KineMask is an initial study of object-centric rigid-body
control, focusing on center-of-mass motion rather than part-level actuation, this
is not represented in our training data, but they could in principle be simulated
and used to build richer control, making them a direction for future work. On
the other hand, KineMask is trained with static cameras, and does not explic-
itly render or control camera motion. However, camera motion could also be
simulated, making camera-motion also a direction for future work.

Acknowledgement. This work was supported by the Institute of Information
& Communications Technology Planning & Evaluation (IITP) grant funded by
the Korean Government (MSIT) (No. RS-2024-00457882, National AI Research
Lab Project).
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