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|Background]

Video diffusion models can now generate highly realistic videos
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|Background]

But, struggle with motion

Ex., unnatural physics, and temporal inconsistencies




Which training clips influence the motion in generated videos?
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Which training clips influence the motion in generated videos?
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Which training clips influence the in generated videos?
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Attributing motion in video generative models faces two core challenges:

e Motion localization: Localize & attribute to motion

o Scalability: Scale to large-scale video generation models & datasets



Introducing MOTIVE]
The MOTIVE Pipeline

A scalable, gradient-based, motion-centric data attribution framework for video
generation models.
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[Method]
Motion Attribution Focusingon dynamics, not static appearance
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[Method]
Efficient Gradient Computation

Efficient Gradient Computation Compute Motion Influence Motion Ranking
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| Technical Details|

Reduce variance by fixing (t, €)

o single-sample VoLlait(0; Xest, tixs €6x)  VeoLaiti(0; Xn, tix, €nx)

Estimator I =
| dlﬁ(xn, XteSt) Hveﬁdlff(e! Xtest tﬁXa eﬁX) || Hveﬁdlff(eﬁ Xny tﬁx’ Gﬁx) ”

normalized test gradient T normalized training gradient T




Reduce variance by fixing (t, €)
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Reduce variance by fixing (t, €)
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[Influential Examples]
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Influential Examples]
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|[Experiments]

Evaluation Setup

We evaluate attribution across 10 distinct motion types:

compress explode

stretch

free fall slide



|[Experiments]

Finetune with Single-Query Selected Data

Base Random Selection ours

A single coin spins quickly on a polished glass surface, close-up fixed camera, bright
even lighting, plain backdrop; capture its precession and slow wobble as it settles.



|[Experiments]

Finetune with Single-Query Selected Data

Base Random Selection ours

A red ball drops vertically from above and falls straight onto the wooden surface. The motion is
quick and direct, with light motion blur showing its fall against the clean wooden background.



|[Experiments]

Finetune with Single-Query Selected Data

Base Random Selection ours

A white mug is placed and then slid across a wooden kitchen counter, fixed side camera,
diffuse lighting, blurred kitchen background; emphasize the sliding motion of the mug.



|[Experiments]

Finetune with Single-Query Selected Data

Base Random Selection ours

A rubber ball being compressed under a flat press, filmed with a stationary camera. Bright,
shadow-free lighting and a clean background emphasize the deformation as it flattens.
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Finetune with Multi-Query Selected Data
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MOTIVE: Motion Attribution for Video Generation

Key Contributions:

MOTIVE provides a scalable and effective way © Our motion-centric attribution is scalable and effective for
to attribute motion in video generation models, "™V video generation models.

enabllng targeted data curation that @ Motive enables data efficiency - 10% of carefully selected data
Significa ntly improves motiQn quality can match or exceed full dataset performance especially motion
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