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Fig.1: Scene composition using localized motion representations. Motion
is extracted from multiple source videos and attached to target objects, enabling
compositional transfer of distinct motions within a single scene.

Abstract. Real-world dynamics are inherently compositional: multiple
entities move simultaneously within a shared scene, each exhibiting dis-
tinct motion patterns. Yet most existing video representations encode
motion globally, without explicitly capturing localized motion for individ-
ual entities. Crucially, motion is defined relative to a global reference frame,
including camera motion and scene layout. However, localized embeddings
are often computed from cropped images or obtained by masking features
after encoding, discarding the context needed to interpret motion. To
address this, we introduce a promptable localized motion representation
that produces persistent embeddings for user-specified regions defined by
spatial masks. Rather than cropping the input or masking features, our
model processes the full video and conditions motion encoding directly on
the queried region. This yields temporally consistent, region-addressable
embeddings that isolate local dynamics while retaining the global context
required for disambiguation. We demonstrate object-level motion transfer,
enabling controlled composition of dynamic scenes. Beyond generative
control, our embeddings support localized action classification in multi-
actor videos. Across both tasks, our approach improves controllability and
outperforms global representations localized through cropping or post-hoc
masking. Project page: https://compvis.github.io/WhatMoves!|
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1 Introduction

Motion is a defining characteristic of the visual world. Real-world scenes are
inherently compositional, consisting of multiple entities whose dynamics unfold
simultaneously within a shared environment. A driving scene contains vehicles,
pedestrians, and background motion with distinct temporal patterns; human-
object interactions involve coordinated, yet separable movements of body parts
and manipulated objects. Modeling such dynamics requires representations that
are localized, persistent, and semantically grounded. Despite rapid advances
in video generation and motion control, most existing approaches represent
motion either globally or at the pixel level. Global motion embeddings entangle
the dynamics of all entities into a single latent code |35, while dense optical
flow or trajectory fields encode motion locally but lack semantic structure and
compositional interpretability. As a result, motion remains difficult to isolate,
recombine, or selectively manipulate at the object level. This limitation becomes
particularly apparent in tasks such as motion transfer and video editing. Existing
methods often extract motion globally and reapply it to new scenes [12,/28}[35]
37139), leading to motion leakage, spatial ambiguity, or incorrect attachment to
unintended regions. While these approaches demonstrate impressive generative
quality, they lack an explicit, semantic representation of who is moving and how.
A seemingly straightforward solution is to localize motion by applying global
motion encoders to spatial crops of a video. Yet motion is inherently relational:
its meaning depends on global reference frames and interactions between entities.
When this context is removed, the motion signal within a crop may no longer
uniquely determine the underlying dynamics. Consequently, embeddings extracted
from isolated regions are not guaranteed to represent well-defined object-level
motion.

Our approach operates directly on the full input video while leveraging spa-
tiotemporal spatial masks to localize motion signals. Instead of cropping regions,
we retain the entire scene context and apply region-specific masks over time within
the encoder. A motion encoder processes the masked video features to produce
compact entity-level motion embeddings, while a motion decoder reconstructs
the corresponding localized point trajectories, encouraging spatial specificity and
disentanglement from static appearance. By preserving global context during
encoding and enforcing localization through masking, our method yields motion
representations that are both contextually grounded and spatially isolated. This
structured representation naturally enables compositional video generation and
control. Motion from individual entities can be selectively extracted, recombined,
and reattached to arbitrary targets to animate a scene. Beyond motion transfer,
the learned embeddings support localized action classification, highlighting their
role as general representations for motion understanding and generation.

Through extensive experiments, we demonstrate that our approach enables
precise spatial controllability and structured motion composition in generative
settings. In localized motion transfer experiments, our method supports accu-
rate extraction and reattachment of region-specific dynamics while significantly
reducing motion leakage compared to global motion conditioning. It further en-
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ables compositional recombination of motions across scenes and more consistent
cross-view transfer than track-conditioned models that rely on viewpoint-specific
trajectories. Beyond generation, we evaluate the learned motion embeddings on
motion understanding tasks. In localized action classification, our representations
capture spatially specific motion patterns that generalize across actors and scenes,
outperforming global video embeddings localized via cropping or post-hoc mask-
ing. Together, these results highlight the importance of encoding local motion
while preserving full-scene context for both controllable generation and motion
understanding.

Our main contributions are summarized as follows:

— We introduce a promptable localized motion representation that encodes
persistent, region-specific motion embeddings conditioned on spatial regions.

— We show that encoding local motion requires full-scene context, and demon-
strate through localized action classification that crop-based or post-hoc
masking approaches are insufficient.

— We demonstrate that the learned motion embeddings enable object-level
motion transfer as well as selective extraction and recombination of region-
level dynamics, supporting controllable and compositional scene animation in
image-to-video settings.

2 Related Work

Video Generation Models. Diffusion-based generative models have driven
rapid progress in video synthesis. Building on advances in text-to-image genera-
tion |15},36,41], many works extend pretrained image backbones with temporal
modules to generate coherent video sequences |6|13]. Scaling model capacity and
training data has further improved temporal consistency and semantic richness
in text-to-video (T2V) and image-to-video (I2V) systems |[3}/4}/14} 21,45, 55].
Despite these advances, most video generation systems control motion primarily
through text prompts, which provide only coarse and indirect guidance over
how objects move. We introduce an object-centric representation of motion that
enables targeted manipulation of dynamics at the level of individual entities. Our
approach can be integrated with existing video generation models, enabling more
precise and structured control over motion without redesigning the underlying
generative architecture.

Motion Control in Video Generation. Recent work improves controllability
in video diffusion models by introducing explicit motion guidance signals. A
common approach relies on image-plane geometric control, where motion is
specified through trajectories, bounding boxes, or structural signals such as
optical flow and depth [9}/19,4648/)57,58|. Subsequent works extend this paradigm
with trajectory-aware conditioning mechanisms and motion-guided attention
modules that enable more precise point-level motion control and multi-entity
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interactions |1}/10,40./49/59,/60]. Other approaches guide generation directly using
motion signals such as optical flow, temporally warped noise, or related geometric
cues [5,22,|62]. While these approaches provide strong geometric control when
the guidance signal aligns with the target layout, motion is typically represented
in pixel space through trajectories, flow fields, or related spatial signals. As a
result, the encoded dynamics remain tightly coupled to viewpoint, object layout,
and scene configuration, making it difficult to transfer the same motion across
changes in camera perspective, object shape, or scene structure.

A complementary line of work studies motion representation learning and
motion transfer, where dynamics are extracted from a source video and applied
to a different scene. Several diffusion-based text-to-video approaches leverage
internal features of pretrained video diffusion models to encode and propagate
motion across scenes [20,241|32}|38,50,56,61]. More recent work explores motion-
guided editing paradigms that modify subject appearance while preserving source
motion [25,26]. Other approaches focus on efficiency or representation abstraction,
such as training-free motion transfer formulations or depth-aware motion embed-
dings [28,,37]. Methods operating on lower-level features often inherit geometric
constraints from the source video, while higher-level feature-based approaches
provide greater flexibility but may entangle motion with appearance, leading
to content leakage. Recent work proposes more abstract motion embeddings to
mitigate this entanglement |17)/35]. However, these approaches typically represent
motion globally or as latent feature dynamics within a generative backbone,
without explicit object-level structure or spatial localization. Consequently, they
offer limited control over where motion is extracted from and how it is distributed
across entities in multi-subject scenes.

Our work differs in that we learn promptable, localized motion representations
conditioned on spatial regions. Unlike trajectory-based control methods that rely
on image-plane guidance signals, and motion transfer approaches that represent
dynamics globally within a generative backbone, our approach models motion at
the object level while preserving full-scene context.

3 Method

Modeling video dynamics in a structured and controllable manner requires motion
representations that are both spatially localized and grounded in global scene
context. While global motion embeddings capture overall dynamics, they do
not provide entity-level motion units that can be independently extracted and
recombined. In this section, we first examine the challenges of localizing motion
in video and motivate a context-aware formulation. We then introduce our
promptable localized motion representation.

3.1 DMotivation: Localized Motion Requires Global Context

A natural strategy for isolating entity motion is to encode motion from spatial
crops. However, unlike appearance, motion is inherently relational: its interpreta-
tion depends on global context, camera motion, and interactions between objects.
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Fig. 2: Method Overview. Given a video frame with corresponding object masks,
the content encoder produces static region tokens for appearance grounding (a). The
motion encoder (b) extracts persistent, region-specific motion tokens while preserving
global context. The masked flow decoder (c) predicts region-level point trajectories,
enforcing localized motion supervision within masked areas.

For instance, an object moving away from the camera may produce the same local
motion pattern as a camera zoom-out. Similarly, object motion and camera mo-
tion often become indistinguishable when observed in isolation. These ambiguities
arise because spatial cropping removes the reference frame needed to interpret
motion. Consequently, crop-based motion encoders frequently learn ambiguous
dynamics or collapse to dominant camera motion. Reliable entity-level motion
representations therefore require localization without discarding global contet.
This observation motivates our formulation: the encoder processes the entire
video, while entity-specific motion is extracted through structured prompting and
masked supervision.

3.2 Promptable Localized Motion Embeddings

Building on this observation, we introduce a promptable localized motion rep-
resentation that processes the full video while extracting region-specific motion
embeddings conditioned on spatiotemporal masks. Each embedding captures
the temporal dynamics of a queried entity and remains persistent over time. By
preserving global context during encoding and enforcing region-level aggregation
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through masking, our framework produces motion representations that are both
spatially precise and contextually grounded.

Consider a video V = {x;}_; with T frames. In the first frame x;, we are given
region masks S := {sk}le. Our goal is to extract persistent, region-specific mo-
tion tokens my, := {my ;}7_,, where my ; describes the motion of region k at time
t. We tackle this problem using three components: (1) a motion encoder that
extracts localized motion tokens from the full video, (2) a content encoder that
provides appearance grounding for the queried entity, and (3) a masked tracks
decoder that supervises motion tokens through future trajectory prediction. An
overview of our framework is depicted in Fig.

Motion Encoder. The motion encoder Fy maps the full video V' and a set of
entity content embeddings ¢ = {c;}X_, to temporally evolving motion tokens
m = {m;}5 |, ie., Ep : (V,c) — m. Importantly, FEy observes the entire
scene, allowing each entity-specific motion token to use global context such as
camera motion, occlusions, and object interactions. The content embeddings
serve as region-specific queries, encouraging my, ; to capture the motion of the
corresponding entity while reducing leakage from other regions.

Content Encoder. The content encoder Cy provides appearance grounding by
mapping a frame x; and region mask sy, to a content token c, i.e., Cy : (X;,85) —
ci. This token captures the semantic identity of the prompted region and is time-
invariant. It queries the motion encoder to specify the entity whose motion should
be extracted and is passed to the tracks decoder to reattach motion embeddings
to the correct region, discouraging them from encoding spatial identity.

Masked Tracks Decoder and Objective. We supervise the motion tokens with
a masked tracks decoder Dy,. For each entity k, sparse query points are sampled
only inside its region Sy, and tracked through the video, yielding trajectories py 1.7
At a valid timestep ¢, the decoder receives the current frame x;, query positions
Pk,t, the content embedding ¢, and the motion token my ;, and predicts future
track positions pg ¢41:4+ 1. Although this conditional trajectory distribution could
be modeled generatively, e.g. with a flow matching decoder, we use a deterministic
decoder trained with an ¢5 reconstruction loss:

L(0,¢) =By, [Hsz(Xt, Pk,ts Ck, My ) — Pk,t+1:t+LH§} :

evaluated only for valid future track positions within a region, encouraging each
motion token to encode localized motion rather than unrelated scene dynamics.

3.3 Localized Motion-Guided Video Generation

Once trained, the motion encoder extracts region-specific motion tokens from a
source video by querying a spatial region. These tokens capture the dynamics of
the selected entity over time and enable localized motion transfer, where motion
from a source region is attached to a specified object in a target scene. To generate
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Fig. 3: Video Model Conditioning. With our localized representations, we fine-tune
a large video generation model. For this, we append to each temporal self-attention layer
of the the model, the respective motion embeddings mi.x,; and content embeddings
ci.x for all regions K.

videos following these dynamics, we condition a pretrained video diffusion model
on sequences of localized motion tokens. For each region k and timestep ¢, we
concatenate the motion tokens my,t with their corresponding content token cy,

qk,t = [mk,t; Ck], (1)

and append the resulting conditioning tokens to the video token sequence V; =
{vin}N_, processed by the model’s self-attention layers:

Vi = [V ik, (2)

The backbone is fine-tuned using LoRA to incorporate the additional con-
ditioning while preserving the pretrained weights. This fine-tuning approach is
illustrated in Fig.

4 Experiments

To evaluate the properties of our motion representations, we conduct experiments
across several settings. We study controllable motion transfer to assess whether
motion can be transferred across entities and scenes enabling compositional scene
control, localized action classification to test whether motion can be extracted for
a queried subject in the presence of distractors, and global motion understanding
tasks to evaluate whether the representations retain semantic motion properties
beyond localized queries.

Implementation Details. We implement our motion encoder as a 3D Vision
Transformer |8, 86M parameters]|, preceded by a DINOv2-B frame embedding
stage. The masked flow decoder is also implemented as a Transformer[86M
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parameters|. We jointly train the encoder and decoder using AdamW [27] for
600k steps with a batch size of 128 on open-world videos from OpenVid-1M [30]
and an internally collected dataset, enabling the model to learn general-purpose
motion representations. For motion transfer tasks, we utilize CogVideoX-5B [54]
as a backbone. We provide further implementation details in the supplementary
material.

4.1 Motion Transfer

Localized Motion Attachment. In this experiment, we evaluate whether our
framework can attach motion from a source region to a specified target region. To
this end, we construct a benchmark that tests whether motion transfer methods
can control which subject receives transferred motion. Each source video mostly
contains a single subject, while the target initial frame always contains multiple
subjects. Our method transfers motion from the source subject to a designated
target subject, whereas baseline methods without subject-level prompting per-
form global motion transfer without explicit target selection. This setting enables
direct evaluation of whether motion can be accurately directed to a specified
subject while suppressing unintended propagation to others. We select source
videos from the MTBench dataset [38], originally gathered from DAVIS [33] and
VOS [52|, and extract subject masks using the promptable segmentation model
SAM2 [34]. For each source video, we generate multiple target initial frames
using Z-Image Turbo [43].

We quantitatively compare methods using two established global metrics:
Temporal Consistency, measured via alignment of CLIP embeddings between
consecutive generated frames; and Driving Video Similarity, computed as the
alignment between CLIP embeddings of source and generated video frames. To
specifically assess subject-level controllability, we compute an in-region fidelity
score using a tracking-based Chamfer distance between the source subject tra-
jectories and the trajectories of the designated target subject in the generated
video. Higher values indicate more accurate transfer of motion to the intended
subject. To quantify unintended motion propagation, we additionally compute
an out-of-region leakage score using the same Chamfer-based metric between the
source subject trajectories and all non-target subject trajectories in the generated
video. Lower values indicate better suppression of motion leakage.

We compare against two classes of motion transfer methods: low-level ap-
proaches, which provide localized control but rely on low-level motion signals
such as tracks, and semantic motion transfer methods, which utilize higher-level
motion representations but operate globally. Naturally, low-level methods often
achieve strong scores on motion fidelity metrics such as in-region motion fidelity,
since they directly follow the source trajectories. However, these approaches do
not generalize well across viewpoint changes or structural differences between
source and target subjects. In contrast, semantic methods capture higher-level
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Fig. 4: Motion Transfer Paradigms. Existing methods are typically either localized
or semantic. (a) Low-level approaches transfer exact motion and implicitly assume
identical structure; while localized, they do not generalize across different structures.
(b) Semantic motion transfer methods generalize motion across structures but operate
globally and lack localization. (c) Our approach enables motion transfer that is both
semantic and localized, bridging the two paradigms.

motion patterns but typically lack spatial control. This leads to higher motion
leakage, as motion is transferred to arbitrary subjects. We illustrate these trade-
offs qualitatively in Fig.[dl Our approach combines both properties by enabling
localized attachment of semantic motion. As shown in Tab. [T} our method achieves
strong in-region motion fidelity while substantially reducing motion leakage com-
pared to global semantic conditioning. Although ATI achieves the highest
fidelity, it exhibits significantly higher out-of-region leakage. Compared to the
semantic baseline DisMo , our method improves in-region motion fidelity
while improving localization. Overall, our approach achieves a favorable trade-off
between motion fidelity and spatial isolation. Since our representation captures
semantic motion rather than raw trajectories while remaining spatially localized,
it generalizes to transfers across viewpoint changes and structural differences
between source and target subjects.

Composing Scenes. Beyond transferring motion to a single subject, compo-
sitional scene generation requires the ability to combine motion from multiple
sources and assign them to different subjects within the same scene. To evaluate
this capability, we extend our evaluation to a multi-source setting where motion is
extracted from multiple source videos and attached to different target subjects in a
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Table 1: Controllable Motion Transfer. We report temporal consistency, source
similarity, in-region motion fidelity, out-of-region motion leakage, and motion selectiv-
ity, defined as the difference between fidelity and leakage. Our method outperforms
semantic motion transfer approaches and achieves the best overall motion selectivity,
demonstrating the strongest balance between accurately transferring motion to the
target region and preventing leakage to the rest of the scene.

video model properties motion transfer properties
Model Temporal , Source In-Region Out-of-Region Motion +
Consistency ' Similarity Motion Fidelity' Motion Leakage” Selectivity
T ATI [1] (Wan 2.1-14B [45]) 0.9725 0.5930 0.8111 0.6108 0.2003
7 WanMove [7] (Wan 2.1-T4B 0.9738 0.5949 0.7438 0.5608 0.1830
£ Tora [59] (CogVideoX-5B [54])  0.9758 0.5807 0.7021 0.4738 0.2283
£¢  DisMo [35] (CogVideoX-5B) 0.9657 0.5947 0.6981 0.5604 0.1377
%%  Ours (CogVideoX-5B) 0.9690 0.5888 0.7462 0.5158 0.2304

Source Videos Ours

b l !

Source Videos Ours

Fig. 5: Composite Qualitative Examples. We provide several examples, showcasing
our capability to compose scenes from localized motion embeddings of multiple source
videos. Our model correctly isolates and attaches the motion of multiple subjects into
one coherent scene.

shared target frame. Each source video provides motion for a distinct subject, and
our method is prompted to compose these motions within a single generated scene.

As shown in Tab. 3] our method shows a competitive in-region motion fidelity,
while substantially reducing out-of-region motion leakage compared to all base-
lines. This indicates that our localized motion representations enable controlled
composition of multiple motion sources within the same scene, allowing motion
to be selectively attached to the intended subjects without affecting others. Qual-
itative examples are shown in the supplementary material.

We additionally conduct a blinded user study using non-cherry-picked exam-
ples, with the full experimental setup provided in the supplementary material.
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Participants independently assess each generated video along three dimensions:
overall visual realism, the quality and spatial locality of the transferred motion,
and the presence of visible artifacts. Tab. [2 shows that across the evaluated meth-
ods, our approach is consistently preferred for both realism and motion transfer
quality. In particular, it outperforms the next-best baseline by at least 27.78% in
realism and 9.8% in motion transfer quality, indicating that the generated videos
are perceived as both more visually plausible and more effective at transferring
motion to the intended target region.

4.2 Localized Action Classification

A key property of localized motion representations is the ability to capture and
semantically describe the motion of a subject of interest while remaining invariant
to its appearance and unaffected by other entities in the scene. To evaluate this
capability, we test whether motion embeddings extracted from a spatial query
encode the underlying action dynamics independently of visual appearance and
the actions performed by other actors.

Evaluation Setup. We consider a zero-shot localized action classification task:
given a video and a spatial query specifying an actor, the goal is to classify the
action performed by that actor using only the extracted motion embeddings. We
construct this benchmark using the A2D dataset |51], which consists of videos
depicting multiple actors, each annotated with segmentation masks and an associ-
ated action label. For each actor—action instance, we extract a motion embedding
conditioned on the corresponding segmentation mask and classify the action
using a k-nearest neighbor (kNN) classifier. To ensure the evaluation emphasizes
motion rather than appearance, instances of the same actor are excluded from the
retrieval pool. Correct classification therefore requires identifying the underlying
motion pattern rather than relying on actor identity or visual cues. We compare
against image-, video-, and motion-based methods and report top-1 Accuracy and
weighted F1 score to account for class imbalance. To adapt the other methods
to this localized setting, we either crop the input video (RGB), or the resulting
spatial latent representations (LATENT). If applicable, we report results for both
strategies. We additionally construct and evaluate two constrained versions of our
method, one where we apply the aforementioned cropping mechanism (Oursgcs),

Table 2: Human preference study. Percentage of votes for realism, motion transfer
quality and locality, and the absence of visible artifacts.

Model Backbone #Params Realism 1 Transfer 1 Fewer Artifacts 1
ATI [i] WAN2.1 [45] 14B 1.96 4.90 5.23
WanMove |7] WAN2.1 14B 14.05 14.38 14.38
Tora |59] CogVideoX [54] 5B 13.73 17.32 15.69
DisMo |[35] CogVideoX 5B 21.24 26.80 20.26

Ours CogVideoX 5B 49.02 36.60 44.44
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Table 3: Composable Motion Transfer. We report temporal consistency, in-region
motion fidelity, out-of-region motion leakage, and motion selectivity when transferring
motion from multiple source objects. Our approach substantially reduces motion leakage
and achieves the best overall motion selectivity while remaining competitive in in-region
motion fidelity.

Temporal In-Region Out-of-Region Motion

Model Consistency  Motion Fidelity/r Motion Leakage‘L Selec‘civityT
ATT [1] (Wan 2.1-14B [45]) 0.9634 0.7148 0.3857 0.3291
WanMove [7| (Wan 2.1-14B) 0.9792 0.7059 0.4110 0.2949
Tora |59 (CogVideoX-5B [54|) 0.9766 0.6520 0.3904 0.2616
Ours (CogVideoX-5B) 0.9831 0.6718 0.2604 0.4114

and one where we do not apply localized querying at all (Oursgopas). Results
are summarized in Tab. [l

Context is Important for Localized Motion Understanding. Image-based
representations such as DINOv2 [31] perform poorly on this task, highlighting
the limitations of appearance features for localized action recognition. Video
representations such as V-JEPA2 [2| improve performance but remain constrained
by their lack of explicit motion modeling. Motion-focused approaches such as
DisMo 35| achieve stronger results, confirming the importance of motion rep-
resentations for this task. Nonetheless, our method outperforms these baselines
by a significant margin. While other methods lack access to the surrounding
context due to the cropping mechanism, our model preserves the full scene con-
text when conditioning the representation on the queried actor, allowing it to
leverage contextual cues that help disambiguate motion without compromising
spatial locality. We ablate the importance of context by providing our model with
cropped input videos as well, effectively reducing it to the same context-reduced
setting as the other methods (see Oursggg in Tab. . Our method suffers from
a substantial drop in performance, approaching the performance of other motion
encoders in this setting, which suggests that contextual information plays a vital
role for classifying localized actions. However, providing global methods with
scene context by processing uncropped videos is insufficient, as motion of other
actors in the scene may compromise regional understanding. To highlight the
influence of distractors, we reduce our method to this setting by prompting it
with a global mask rather than actor-specific ones (see Oursgopa;, in Tab. .
Once again, we notice a significant performance drop, indicating that either side
of this trade-off is suboptimal. When not subjecting ourselves to either of these
constraints, our approach performs significantly better, indicating that it does
not sacrifice locality for context, but instead combines the strengths of both to
enable improved action recognition.
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Table 4: Localized Motion Classification. Left: Comparison of image, video, and
motion encoders for localized action classification. Our method outperforms global
approaches that obtain localization by cropping the video input (RGB) or masking
features in latent space (GLOBAL). Ablations show that removing context through RGB
crops (Oursges) or removing localization by querying the entire frame (Ourscropar)
both degrade performance. The best results are achieved when motion is encoded locally
while preserving scene context. Right: Example of a positive and negative classification
outcome with regard to a reference subject from the A2D dataset.

Accuracyt F11

Image encoders

DINOV2:cs 10.9 17.4
DINOV2, arenr 6.0 10.2
Video encoders

V-JEPA2:ncn 14.6 23.8
V-JEPA2, srent 13.9 216

Global motion encoders
DINOvV2gas + SemanticMoments 12.4 18.8

DINOV2, arenr + SemanticMoments 5.5 9.5
V-JEPA2;.s + SemanticMoments 14.3 23.4
V-JEPA2, srent + SemanticMoments 11.9 18.8
DisMoggs 224 339
Oursgas 20.0 31.1
Ourscrosa 23.4 35.1
QOurs 29.9 42.0

4.3 From Local to Global: Generic Motion Representations

While our framework is designed to learn spatially localized motion represen-
tations, an important question is whether such representations remain useful
beyond localized queries. Increasing spatial specificity could push representations
toward low-level motion signals that lose higher-level semantic properties or
overly emphasize local cues. In the following, we show that neither occurs: our
learned embeddings generalize naturally to standard global motion understand-
ing tasks while retaining the semantic properties characteristic of global motion
representations.

Localized Motion Pre-training Generalizes to Global Understanding.
We evaluate our model in a global zero-shot action classification setting on a
diverse set of motion-centric video benchmarks. Specifically, we evaluate on
ARID [53], which measures action recognition robustness under low-light condi-
tions; IARD , which evaluates identity-invariant motion understanding by mini-
mizing reliance on appearance cues; Jester , a large-scale hand-gesture dataset
that requires sensitivity to fine-grained local motions; Something-Something
V2 , which focuses on subtle human-object interactions and temporal reason-
ing; and Diving48 7 a challenging fine-grained action recognition benchmark
designed to reduce scene and object bias, requiring recognition based primarily
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Table 5: Zero-shot action classification in a global = Table 6: Motion retrieval
setting. We report top-1 accuracy on several motion- under appearance trans-
centric video benchmarks using a kNN classifier with formations. We report top-
k=20. Although our model is trained to produce lo- 1 retrieval accuracy on the
calized motion representations, providing a full-frame  SemanticMoments synthetic
query reduces it to a global motion encoder, yielding  split averaged over all aug-

strong performance across benchmarks. mentations.
SSv21 Jestert Diving481 ARIDT IARD? Accuracy?t

DINOv2 |31] 10.3 23.2 9.39 14.5 76.1 DINOv2 44.4
VideoMAE |[44] 7.1 20.1 - 17.3 73.4 VideoMAE 79.2
V-JEPA2 2] 222 40.8 11.1 28.0 87.6 V-JEPA2 74.4
SemanticMomentspino 18| 11.4 37.3 9.85 22.0 62.7 SemanticMomentspino 86.4
SemanticMomentsy_jepa2 |18] 31.5 52.2 12.7 38.3 92.5 SemanticMomentsy. jepa2 84.4
DisMo |35 24.6 69.8 20.9 55.3 92.0 DisMo 90.0
Ours 26.5 72.8 17.1 55.4 93.0 Ours 89.6

on body dynamics and motion patterns. Although our framework is designed
to learn localized motion representations, these tasks require predicting a single
label for the entire scene. To adapt our method without architectural changes, we
simply provide a mask covering the full start frame when computing the content
query. This effectively reduces the localized motion encoder to a global motion
encoder, while leaving the remainder of the pipeline unchanged. The resulting
performance is reported in Tab. [5l Our method achieves strong performance
across all benchmarks and obtains the best results on several datasets. This
demonstrates that localized motion pre-training does not limit the model to
localized inference. Instead, the learned representation naturally extends to the
global setting and remains highly effective for standard action recognition tasks.
Importantly, our training paradigm therefore yields a strictly more general motion
encoder. When no spatial conditioning is provided, the model behaves as a global
motion encoder and achieves competitive or state-of-the-art performance. At the
same time, it retains the ability to extract region-specific motion representations
when a query mask is given. In contrast to prior approaches that are inherently
restricted to global motion encoding, our model seamlessly supports both regimes
within the same representation.

Spatial Localization Preserves Appearance Invariance. A key challenge
for localized motion representations is that increasing spatial specificity can push
representations toward low-level signals like optical flow, which capture motion
locally but lose semantic invariances. Conversely, global video representations ex-
hibit strong appearance invariance but cannot isolate individual entities’ motion.
Our goal is to combine both advantages: spatially localized representations that
preserve the semantic invariances of global ones. Specifically, we target invari-
ance to appearance-driven transformations, namely viewpoint changes, dynamic
attribute modifications, entity replacement across semantic classes, and stylis-
tic rendering changes, since these are critical for transferability to novel structures.
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We evaluate on the synthetic split of the SemanticMoments benchmark [18],
which measures motion retrieval under controlled appearance transformations
(added objects, appearance changes, object replacement, viewpoint variation,
style changes) using a top-1 retrieval protocol. We compare against DINOv2 |31],
V-JEPA2 [2], and DisMo [35], applying the benchmark’s temporal aggregation to
DINOv2 and V-JEPA2. Results are shown in Tab. [fl These show our method
outperforms all baselines except DisMo, achieving near-parity while substantially
surpassing appearance-centric representations. This demonstrates that spatial
localization does not push representations toward low-level motion cues; instead,
it preserves semantically meaningful motion dynamics while enabling localized
reasoning.

5 Conclusion

In this work, we introduce a promptable and localized motion representation
that encodes region-specific dynamics while preserving full-scene context. We
showed that local motion cannot be reliably inferred from spatial crops, which
discard context, nor from post-hoc feature masking, which does not condition the
encoding process on the queried region. By conditioning motion encoding directly
on spatial masks while processing the full video, our approach produces temporally
consistent and spatially precise motion embeddings. Across motion transfer and
localized classification tasks, we demonstrated improved controllability, structured
scene composition, and stronger motion understanding compared to global video
representation localized via cropping or feature masking. We achieve these results,
while still demonstrating strong performance on global video understanding
tasks, such as classification and retrieval. Our results highlight the importance
of encoding local motion while preserving full-scene context for structured and
compositional video modeling.
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