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Real-world dynamics are inherently compositional: multiple entities move simultaneously within a shared
scene, each exhibiting distinct motion patterns. Yet most existing video representations encode motion globally,
without explicitly capturing localized motion for individual 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
Code: https://github.com/CompVis/WhatMoves

Previous: Cropping Ours: Context-Aware Localization

Loses Context❌ ✅ Preserves Context

Camera · Interactions · Occlusion 
Geometry · ScaleDisMo

+20.8

+8.1

+9.2

35.9

33.9

13.8

Action Probing with Distractors

Localized Action ClassiVcation

Controllable Motion Transfer

Time

Figure 1: Localized motion representations enable context-aware scene composition. (Left) Our method extracts motion
from selected regions while preserving global contextual cues such as camera motion, interactions, and scale, unlike cropping-based
localization. (Right) These localized representations can be transferred from multiple source videos to target objects, enabling the
composition of distinct motions within a single scene.

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,
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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 [39], 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 [13, 32, 39, 41–43], 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 spatiotemporal 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 accurate
extraction and reattachment of region-specific dynamics while significantly reducing motion leakage compared to global
motion conditioning. It further enables 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 masking. 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 embed-
dings conditioned on spatial regions.

• We show that encoding local motion requires full-scene context, and demonstrate through localized action classifica-
tion 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
VideoGenerationModels. Diffusion-based generative models have driven rapid progress in video synthesis. Building on
advances in text-to-image generation [16, 40, 45], many works extend pretrained image backbones with temporal modules
to generate coherent video sequences [6, 14]. 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, 15, 24, 52, 62].
Despite these advances, most video generation systems control motion primarily through text prompts, which provide
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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, 21, 53–55, 65, 66].
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 interactions [1, 11, 44, 56, 67, 68]. Other
approaches guide generation directly using motion signals such as optical flow, temporally warped noise, or related
geometric cues [5, 25, 71]. 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 [22, 28, 36, 42, 57, 64, 69].
More recent work explores motion-guided editing paradigms that modify subject appearance while preserving source
motion [29, 30]. Other approaches focus on efficiency or representation abstraction, such as training-free motion transfer
formulations or depth-aware motion embeddings [32, 41]. 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 [20, 39]. 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 Motivation: 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 interpretation depends on global context, camera motion, and interactions between
objects. 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 motion 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 context. This observation
motivates our formulation: the encoder processes the entire video, while entity-specific motion is extracted through
structured prompting and masked supervision.
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Figure 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.

3.2 Promptable Localized Motion Embeddings
Building on this observation, we introduce a promptable localized motion representation 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 through masking, our framework produces motion representations that are both
spatially precise and contextually grounded.
Consider a video V = {xt}Tt=1 with T frames. In the first frame x1, we are given region masks S := {sk}Kk=1. Our goal
is to extract persistent, region-specific motion tokens mk := {mk,t}Tt=1, where mk,t 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. 2.

Motion Encoder. The motion encoder Eθ maps the full video V and a set of entity content embeddings c = {ck}Kk=1

to temporally evolving motion tokens m = {mk}Kk=1, i.e., Eθ : (V, c) 7→ m. Importantly, Eθ 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 mk,t to capture the motion of the
corresponding entity while reducing leakage from other regions.

Content Encoder. The content encoder Cϕ provides appearance grounding by mapping a frame xi and region mask sk
to a content token ck, i.e., Cϕ : (xi, sk) → ck. 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 Dψ . For each
entity k, sparse query points are sampled only inside its region Sk and tracked through the video, yielding trajectories
pk,1:T . At a valid timestep t, the decoder receives the current frame xt, query positions pk,t, the content embedding
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Figure 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 m1:K,t and content embeddings
c1:K for all regions K.

ck, and the motion token mk,t, and predicts future track positions pk,t+1:t+L. Although this conditional trajectory
distribution could be modeled generatively, e.g. with a flow matching decoder, we use a deterministic decoder trained
with an ℓ2 reconstruction loss:

L(θ, ψ) = EV,k,t
[
∥Dψ(xt,pk,t, ck,mk,t)− pk,t+1:t+L∥22

]
,

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

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

and append the resulting conditioning tokens to the video token sequence Vt = {vt,n}Nn=1 processed by the model’s
self-attention layers:

V′
t = [Vt,q1..K,t]. (2)

The backbone is fine-tuned using LoRA [18] to incorporate the additional conditioning while preserving the pretrained
weights. This fine-tuning approach is illustrated in Fig. 3.

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 [35] 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 [31] for 600k steps with a batch size of 128 on
open-world videos from OpenVid-1M [34] and an internally collected dataset, enabling the model to learn general-
purpose motion representations. For motion transfer tasks, we utilize CogVideoX-5B [63] 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 perform 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 [42], originally gathered from DAVIS [37] and VOS [60], and extract subject masks using the promptable seg-
mentation model SAM2 [38]. For each source video, we generate multiple target initial frames using Z-Image Turbo [49].

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 trajectories 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 approaches, 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 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. 4. Our approach
combines both properties by enabling localized attachment of semantic motion. As shown in Tab. 1, our method achieves
strong in-region motion fidelity while substantially reducing motion leakage compared to global semantic conditioning.
Although ATI [1] achieves the highest fidelity, it exhibits significantly higher out-of-region leakage. Compared to the
semantic baseline DisMo [39], 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, compositional 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 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 baselines. 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. Qualitative examples are shown in the supplementary material.

We additionally conduct a blinded user study using non-cherry-picked examples, with the full experimental setup
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Figure 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.

provided in the supplementary material. 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 methods, 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 [58], which consists of videos depicting multiple actors, each
annotated with segmentation masks and an associated 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 (OursRGB), and one where we do not apply localized querying
at all (OursGLOBAL). Results are summarized in Tab. 4.
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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 selectivity, 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
Consistency↑

Source
Similarity↑

In-Region
Motion Fidelity↑

Out-of-Region
Motion Leakage↓

Motion
Selectivity↑

lo
w

-l
ev

el ATI [1] (Wan 2.1-14B [52]) 0.9725 0.5930 0.8111 0.6108 0.2003
WanMove [7] (Wan 2.1-14B) 0.9738 0.5949 0.7438 0.5608 0.1830
Tora [67] (CogVideoX-5B [63]) 0.9758 0.5807 0.7021 0.4738 0.2283

se
m

-
an

tic DisMo [39] (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
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Ours
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Source B

Ours
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Figure 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.

Context is Important for Localized Motion Understanding. Image-based representations such as DINOv2 [35]
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 [39] achieve stronger results, confirming the importance of
motion representations 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 context 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 OursRGB in Tab. 4). 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 OursGLOBAL

in Tab. 4). 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 2: Human preference study. Percentage of votes for realism, motion transfer quality and locality, and the absence of visible
artifacts.

Model Backbone #Params Realism ↑ Transfer ↑ Fewer Artifacts ↑
ATI [1] WAN2.1 [52] 14B 1.96 4.90 5.23
WanMove [7] WAN2.1 14B 14.05 14.38 14.38
Tora [67] CogVideoX [63] 5B 13.73 17.32 15.69
DisMo [39] CogVideoX 5B 21.24 26.80 20.26
Ours CogVideoX 5B 49.02 36.60 44.44

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.

Model Temporal
Consistency↑

In-Region
Motion Fidelity↑

Out-of-Region
Motion Leakage↓

Motion
Selectivity↑

ATI [1] (Wan 2.1-14B [52]) 0.9634 0.7148 0.3857 0.3291
WanMove [7] (Wan 2.1-14B) 0.9792 0.7059 0.4110 0.2949
Tora [67] (CogVideoX-5B [63]) 0.9766 0.6520 0.3904 0.2616

Ours (CogVideoX-5B) 0.9831 0.6718 0.2604 0.4114

4.3 From Local to Global: Generic Motion Representations
While our framework is designed to learn spatially localized motion representations, 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
understanding 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 [61],
which measures action recognition robustness under low-light conditions; IARD [48], which evaluates identity-invariant
motion understanding by minimizing reliance on appearance cues; Jester [33], a large-scale hand-gesture dataset that
requires sensitivity to fine-grained local motions; Something-Something V2 [12], which focuses on subtle human-object
interactions and temporal reasoning; and Diving48 [27], a challenging fine-grained action recognition benchmark
designed to reduce scene and object bias, requiring recognition based primarily 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. 5.
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 exhibit 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 invariance to appearance-driven transformations,
namely viewpoint changes, dynamic attribute modifications, entity replacement across semantic classes, and stylistic
rendering changes, since these are critical for transferability to novel structures.

9



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 (OursRGB) or removing localization by querying the
entire frame (OursGLOBAL) 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.

Accuracy↑ F1↑
Image encoders
DINOv2RGB [35] 10.9 17.4
DINOv2LATENT 6.0 10.2

Video encoders
V-JEPA2RGB [2] 14.6 23.8
V-JEPA2LATENT 13.9 21.6

Global motion encoders
DINOv2RGB + SemanticMoments [19] 12.4 18.8
DINOv2LATENT + SemanticMoments 5.5 9.5
V-JEPA2RGB + SemanticMoments 14.3 23.4
V-JEPA2LATENT + SemanticMoments 11.9 18.8
DisMoRGB [39] 22.4 33.9
OursRGB 20.0 31.1
OursGLOBAL 23.4 35.1

Ours 29.9 42.0

Referenc

Positiv✅

❌ Negativ

Table 5: Zero-shot action classification in a global setting. We report top-1
accuracy on several motion-centric video benchmarks using a kNN classifier with
k=20. Although our model is trained to produce localized motion representations,
providing a full-frame query reduces it to a global motion encoder, yielding strong
performance across benchmarks.

SSv2↑ Jester↑ Diving48↑ ARID↑ IARD↑
DINOv2 [35] 10.3 23.2 9.39 14.5 76.1

VideoMAE [50] 7.1 20.1 - 17.3 73.4
V-JEPA2 [2] 22.2 40.8 11.1 28.0 87.6

SemanticMomentsDINO [19] 11.4 37.3 9.85 22.0 62.7
SemanticMomentsV-JEPA2 [19] 31.5 52.2 12.7 38.3 92.5
DisMo [39] 24.6 69.8 20.9 55.3 92.0

Ours 26.5 72.8 17.1 55.4 93.0

Table 6: Motion retrieval under appear-
ance transformations. We report top-1 re-
trieval accuracy on the SemanticMoments
synthetic split averaged over all augmenta-
tions.

Accuracy↑
DINOv2 [35] 44.4

VideoMAE [50] 79.2
V-JEPA2 [2] 74.4

SemanticMomentsDINO [19] 86.4
SemanticMomentsV-JEPA2 [19] 84.4
DisMo [39] 90.0

Ours 89.6

Figure 6: DCS examples. The dataset
introduces visual distractors through
randomized agent colors, video back-
grounds, and camera motion.

We evaluate on the synthetic split of the SemanticMoments benchmark[19],
which measures motion retrieval under controlled appearance transformations
(added objects, appearance changes, object replacement, viewpoint varia-
tion, style changes) using a top-1 retrieval protocol. We compare against
DINOv2[35], V-JEPA2[2], and DisMo[39], applying the benchmark’s temporal
aggregation to DINOv2 and V-JEPA2. Results are shown in Tab. 6. These
show our method outperforms all baselines except DisMo, achieving near-parity
while substantially surpassing appearance-centric representations. This demon-
strates that spatial localization does not push representations toward low-level
motion cues; instead, it preserves semantically meaningful motion dynamics
while enabling localized reasoning.

Action Probing under Distractors. Following MaskLAM [10], we test action
alignment under visual distractors using the public LAOM DCS dataset [46, 51]
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(for examples see Fig. 6). We freeze each representation and train only a linear action probe to predict the actions.
Our localized LAM obtains the lowest mean NMSE, improving over uncropped DisMo by 32.3%, while direct RGB
masking also substantially improves DisMo but remains weaker than our representation. These results show that spatial
localization improves the robustness and action alignment of motion representations under visual distractors.

Table 7: Frozen action probing under visual distractors. We report normalized MSE (NMSE; lower is better) on the public LAOM
DCS dataset using a linear action probe on frozen representations. Localizing the motion representation substantially improves over
global DisMo and also outperforms RGB cropping, indicating that representation-level localization better preserves action-relevant
information under distractors. MaskLAM results are taken from [10] and use a larger training dataset.

NMSE ↓
Cheetah Run Hopper Hop Humanoid Walk Walker Run Mean

MaskLAM [10] 0.1148 0.2601 0.3852 0.1704 0.2326

DisMo [39] 0.6095 0.7250 0.6870 0.5446 0.6415
DisMo (RGB cropped) [39] 0.4201 0.5406 0.5225 0.5138 0.4993
Ours 0.4161 0.4744 0.4605 0.3845 0.4339

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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Table A.1: Pretraining hyperparameters for our model. Summary of training data, preprocessing, optimization settings, and
architecture configuration.

Category Component Setting

Data

Frames per video 8
Frame resolution 256× 256
Tracks per decoding step 256
Masks per video 4

Transformations

Random resized crop (0.04, 1.0)
Rotation (−30, 30)
Aspect ratio (3/4, 4/3)
Brightness (0.5, 1.5)
Contrast (0.5, 1.5)
Saturation (0.5, 1.5)

Optimization

Batch size 64
Training schedule 600k iterations
Optimizer AdamW
Warmup iterations 5000
lr scheduler constant w/ warmup
lr 5× 5−5

Weight decay 0.01

Architecture

Frame embedder ViT-Base (12 layers, dim 768)
Frame embedder init DINOv2 pretrained weights
Content encoder 4-layer cross-attention aggregator
Content query tokens 1 per entity
Content embedding dim 768
Motion encoder 12-layer Vision Transformer
Motion queries Content embeddings repeated across frames
Tracks decoder 12-layer Vision Transformer
Tracks decoder conditioning Adaptive RMSNorm (motion + content)

Supplementary Material
A Implementation Details
A.1 Pretraining details
Our architecture consists of four main components: a frame embedder, a content encoder, a motion encoder, and
a decoder. All transformer-based modules operate with a hidden dimension of 768. Details about training data,
optimization, and method architecture can be found in Supp. Tab. A.1.

Frame Embedder. Input video frames are first processed by a shared frame embedding network that produces per-frame
token embeddings. The frame embedder is implemented as a 12-layer Vision Transformer with hidden dimension 768.
To accelerate convergence and leverage strong visual representations, the model is initialized with weights from [35].
The resulting frame tokens serve as input to all subsequent modules.

Content Encoder. The content encoder provides an entity-specific appearance representation that identifies the region
whose motion should be modeled. Given a video frame and a corresponding entity mask, it acts as a mask-conditioned
region encoder that maps the visual content of the selected entity to a single content embedding. This formulation is
independent of the particular aggregation architecture: the region encoder can, for example, be implemented through
masked pooling, mask-conditioned attention over image tokens, or an image encoder that receives the mask as an
additional conditioning signal. For the experiments in this work, we instantiate the content encoder as a masked
attentive pooling network over spatial frame embeddings. A learnable query token attends to the frame embeddings
through four cross-attention layers, where the entity mask is used to bias the aggregation toward the target region. Each
cross-attention layer is followed by an MLP block for further feature aggregation. The resulting query token forms the
content embedding of the entity.

Motion Encoder. The motion encoder produces motion embeddings for each entity across the temporal dimension of
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the video. It takes as input the frame embeddings of all frames together with the entity-specific content embeddings. For
each entity, the corresponding content embedding is repeated across the temporal dimension and used as a query token.
These queries interact with the frame embeddings through a 12-layer Vision Transformer with hidden dimension 768,
resulting in motion embeddings that describe the entity-specific motion at each frame.

Decoder. The decoder predicts motion in the form of point trajectories relative to a source frame. For each entity, we
sample a set of starting points within the corresponding entity region of the source frame and obtain their ground-truth
trajectories across the video using TAPNext [70]. The decoder is then trained to predict these temporal trajectories
for a fixed number of prediction steps. The decoder receives the frame embeddings of the source frame together with
the corresponding motion and content embeddings. It is implemented as a 12-layer Vision Transformer with hidden
dimension 768. Conditioning on motion and content embeddings is implemented using adaptive RMSNorm, allowing
the decoder activations to be modulated by the motion and content signals. The decoder outputs the predicted trajectories
for the sampled points, expressed as displacements relative to their initial positions in the source frame.

Training Data. We train on a mixture of two datasets covering approximately 17M video clips. The first one is OpenVid-
1M [34], a high-quality open-domain dataset well suited for generative tasks. The second one is a self-collected dataset
of approximately 16M clips sourced from YouTube, covering a broad range of real-world scenes and motions. We
provide an overview of the dataset composition in Supp. Tab. A.2.

Table A.2: Training data composition.

Dataset Domain # Clips

OpenVid-1M [34] open 1M
Internal open 16M

Combined open 17M

A.2 Video Model Finetuning Details

Training Setup. We adapt the attention and feedforward layers of CogVideoX-5B [63] using LoRA [17] modules with
rank 128. We fine-tune the model using a batch size of 16 and the AdamW optimizer with β1 = 0.9, β2 = 0.95 and
learning rate 5× 10−5 with a constant schedule and 250 linear warmup steps. Training is performed in bfloat16 mixed
precision. Videos are processed at a resolution of 25× 480× 720 (frames × height × width) and generated at 8 FPS.

Temporal Alignment of Motion Conditioning. The CogVideoX VAE compresses T=25 input frames into Nℓ=7 latent
frames using a temporal compression ratio of ct=4. Our motion representation model extracts embeddings via a sliding
window of size p+1 with prediction horizon p=3, producing T − (p+1) = 21 motion embeddings per region. To align
these with the VAE latent frames, we prepend p = 3 learned padding tokens, yielding T −1 = 24 temporally contiguous
embeddings. These are grouped into non-overlapping chunks of ct=4, producing (T−1)/ct = 6 temporally aligned
representations. Each chunk is concatenated along the feature dimension and projected through a learned mapping
network to produce a single conditioning vector per latent frame. A final learned padding vector is appended for the last
latent frame, yielding Nℓ=7 conditioning vectors in one-to-one correspondence with the VAE latent frames. Motion and
content tokens are concatenated along the channel dimension before this projection, allowing the model to condition on
joint motion–content representations while keeping the base weights frozen.

Multi-region Conditioning. For multi-region scenarios, the above alignment procedure is applied independently per
region mask, producing K ×Nℓ conditioning tokens for K regions. All per-region tokens are concatenated along the
sequence dimension and appended to the self-attention layers of the transformer. To preserve spatial and temporal
grounding, we apply 3D rotary positional embeddings (RoPE) [47] to all conditioning tokens. The temporal position
of each token is determined by its corresponding latent frame index, while the spatial position is set to the centroid
of its associated region mask. This ensures that each motion token attends with positional bias consistent with the
spatiotemporal location of its corresponding region in the generated video.
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A.3 Evaluation Details

Datasets. We evaluate on a diverse set of benchmarks spanning action classification and retrieval, each emphasizing
different aspects of temporal and spatial reasoning. Something-Something v2 (SSv2) [12] is a large-scale dataset of
human–object interactions designed to test fine-grained temporal reasoning while minimizing reliance on background
context or object identity. Jester [33] contains over 148,000 short clips of hand gestures, serving as a benchmark for
fine-grained, spatially localized motion sensitivity. ARID [61] (Action Recognition in the Dark) comprises 5,500
RGB-D videos captured under low-light conditions, evaluating robustness to appearance degradation. IARD [48]
(Invariant Action Recognition Dataset) consists of controlled recordings of five actors performing five actions from
multiple viewpoints, enabling evaluation of identity- and viewpoint-invariant motion recognition. Diving48 [26] contains
approximately 18,000 trimmed clips of competitive diving covering 48 standardized dive sequences, requiring modeling
of long-term temporal dynamics across takeoff, flight, and entry stages. A2D [59] provides 3,782 videos with pixel-level
actor and action annotations, enabling evaluation of spatially grounded action understanding across multiple actor–action
combinations. The SemanticMoments synthetic benchmark [19] provides a controlled evaluation setting designed to
isolate specific failure modes of video representations. By holding the underlying motion constant while systematically
varying non-motion factors such as appearance, object identity, and viewpoint, it enables precise analysis of how these
confounds influence representation similarity.

Motion Transfer using Track-conditioned Models. To perform motion transfer using track-conditioned video
generation baselines, we re-target point trajectories from a source video onto a target image before conditioning the
generator. Given a source video with associated object masks, we first extract dense point tracks within the masked
region using CoTracker3 [23]. These tracks are then spatially transferred to align with the target objects by computing
an affine mapping between the bounding boxes of the source and target masks: each track point is translated so that the
source mask centroid coincides with the target mask centroid, and uniformly scaled so that the source bounding box fits
within the target bounding box. The retargeted tracks, together with the target image, are then provided as conditioning
inputs to the track-conditioned video generation model.

B Ablations
In this section we present ablation studies that analyze several architectural and objective design choices of our model.
These experiments aim to justify the configuration used in the final model and provide insight into how different
components affect the learned motion representations.

Specifically, we investigate three aspects: (i) the prediction distance used during trajectory decoding, (ii) the dimension-
ality of the motion embedding bottleneck, and (iii) the contribution of the content encoder and its conditioning during
trajectory decoding.

B.1 Prediction Distance
We study the effect of the prediction distance p used during trajectory decoding, which determines how many steps into
the future point trajectories are being predicted relative to their starting positions in the source frame. At one extreme,
p = 1 reduces to sparse optical flow estimation; at the other, p = 7 requires predicting trajectories across the entire
video (8 frames total). We train seven model variants with p ∈ {1, . . . , 7}, each for 300k steps, and evaluate on six
action classification benchmarks: A2D, Something-Something-V2 (SSv2), Jester, Diving48, IARD, and ARID. A2D is
a localized multi-label benchmark whereas the remaining ones are global datasets with a single label per video clip.
Results are summarized in Supp. Fig. B.1.

Overall, the results indicate that our method is robust to the choice of prediction distance. While SSv2 and Jester exhibit
a moderate performance drop beyond p = 3, the differences remain small, suggesting that the prediction distance is
not a critical design choice. We adopt p = 3 as a practical default based on these results, though nearby values yield
comparable performance.
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Figure B.1: Action classification accuracy across varying prediction lengths p. Performance remains stable across p ∈ {1, . . . , 7},
with minor degradation beyond p = 3, suggesting that our framework is robust to different choices of prediction length.

B.2 Motion Bottleneck Size
We study the effect of the motion embedding dimensionality on downstream performance. We train model variants with
bottleneck sizes ranging from d = 128 to d = 768 and evaluate on the same action classification benchmarks used in
Sec. B.1. We adopt d = 768 as the default in all main experiments. Results are summarized in Supp. Fig. B.2.

Across all benchmarks, performance remains remarkably stable even as the bottleneck size is reduced by a factor of
six, from d = 768 down to d = 128. This indicates that the motion dynamics captured by our representation can be
effectively compressed into compact embeddings without significant information loss. The robustness to bottleneck
size suggests that even more aggressive compression may be feasible, making the approach well suited for downstream
applications where compact representations are desirable.

B.3 Appearance Entanglement Analysis
We analyze the degree to which the learned motion embeddings remain entangled with appearance information. Ideally,
motion representations should encode how an entity moves while remaining independent of who performs the motion.

To quantify appearance leakage, we evaluate motion embeddings on the IARD dataset by measuring actor identity
classification with a kNN classifier. The dataset contains five actors; therefore, a representation that is fully independent
of appearance should achieve approximately 20% accuracy (chance level). Higher accuracy indicates that identity
information remains encoded in the motion embedding. We compare two model variants that differ in how the decoder
is conditioned during track reconstruction. Importantly, both variants already receive implicit appearance context: tracks
are only queried at spatial locations that lie inside the masked regions. Consequently, the decoder is naturally conditioned
on the localized region of the entity, which already encourages a degree of appearance disentanglement. The difference
between the two variants lies in whether the decoder additionally receives the corresponding content token. In the No
Content Attachment variant, reconstruction relies solely on the motion embedding and the spatial mask constraint. In the
Content Attachment variant, the decoder is additionally conditioned on the content token, providing a dedicated pathway
for appearance information.

Figure B.3 shows the resulting actor identity classification accuracy of the motion embeddings. Even without explicit
content attachment, identity predictability is already reduced due to the spatial mask conditioning. However, providing
the content token during decoding further decreases identity classification accuracy, pushing performance closer to the
independence line. This demonstrates that explicit content attachment strengthens the separation between motion and
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Figure B.2: Action classification accuracy across motion bottleneck sizes. Performance remains stable from d = 768 down to
d = 128, indicating that motion dynamics are effectively captured even with compact embeddings.

appearance, encouraging motion embeddings that are more appearance-invariant.

To further assess appearance leakage, we train a flow-matching decoder to reconstruct the input frame from frozen
motion embeddings. Since the encoder cannot adapt during probe training, better reconstruction indicates that more
appearance information is retained in its representation. As shown in Supp. Tab. B.3 and Supp. Fig. B.4, our embeddings
yield the highest L1 and LPIPS errors and the lowest CLIP similarity, indicating that they contain less recoverable
appearance information than the baseline representations.

C Qualitative Examples
We present additional qualitative results for motion transfer and compare them against the previously introduced
baselines. The results cover both one-to-one transfer and compositional settings with multiple motion sources mapped
to multiple target objects. All experiments are conducted using our adapted CogVideoX-5B model.

C.1 Localized Motion Transfer
Qualitative examples for the one-to-one motion transfer setting are shown in Supp. Figs. C.5 to C.9. Prior methods
exhibit several consistent failure modes in localized motion transfer. Low-level motion transfer approaches struggle
under pose mismatch and often produce geometric inconsistencies and strong visual artifacts, such as clipping or abrupt
scene changes. They also tend to entangle local object motion with global scene motion, causing subject motion to be
mistaken for camera motion and vice versa. Global motion transfer methods instead fail to properly localize motion,
frequently moving the wrong subject, affecting multiple instances, or hallucinating additional objects. Our method is
substantially more robust to these issues, producing cleaner transfers that remain localized to the correct subject.

C.2 Scene Composition
Qualitative examples for the compositional motion transfer setting, where multiple motion sources are mapped to
multiple target objects, are shown in Supp. Figs. C.10 and C.12 to C.14. We utilize low-level methods as a comparison for
the composite motion transfer examples, global motion transfer models are not applicable, since their video generation
pipeline does not accept multiple motion embeddings from different subjects. In composite motion transfer, prior
methods mainly fail by misassigning motions across subjects, omitting parts of the requested motion composition, or
introducing degenerate camera motion. These errors indicate difficulty in jointly modeling multiple subject-specific
motions while preserving a stable global scene. As a result, the generated videos often do not reflect the intended
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Figure B.3: Appearance entanglement analysis. We quantify appearance leakage in motion embeddings on IARD by measuring
actor identity classification using a kNN classifier. With five actors, perfect independence corresponds to 20% accuracy. Left:
Model without decoder conditioning on the content token. Right: Model with content-token conditioning. Conditioning markedly
reduces identity predictability toward the independence line, highlighting the role of content attachment in disentangling motion from
appearance.

Table B.3: Appearance reconstruction probe. Lower CLIP similarity and higher L1 and LPIPS errors indicate less recoverable
appearance information.

Model CLIP ↓ L1 ↑ LPIPS ↑
V-JEPA2 [28] 0.56 0.19 0.61
DisMo [32] 0.53 0.26 0.67
Ours 0.53 0.27 0.69

composition of motions. Our method better separates subject-level motion from global scene dynamics and therefore
transfers the correct motions to the correct subjects more reliably.

C.3 Text-prompted Generation
While our primary experiments focus on motion transfer conditioned on a target start frame, the learned motion
representation is not restricted to image-conditioned generation. We further demonstrate that it can support promptable
text-only generation by fine-tuning the video model without start-frame conditioning. In this setting, the model receives
a motion embedding extracted from a driving video together with a textual description of the desired scene. The text
prompt determines the generated appearance and semantic content, while the motion embedding specifies the temporal
dynamics of the generated video. As shown in Supp. Fig. C.15, the model transfers the articulated motion of the driving
sequence to a novel subject and scene specified only through text. This demonstrates that the representation captures
reusable motion information that can be combined with different appearance-conditioning modalities, extending its
applicability beyond image-to-video motion transfer.
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Figure B.4: Appearance reconstruction probe examples. Reconstructions from our motion embeddings preserve less of the actor’s
appearance than those obtained from the baseline representations.

C.4 User Study Details
We conducted a blinded user study on Prolific.com involving 18 participants and 17 non-cherrypicked test examples.
For each example, participants were shown the generated videos without information about the underlying method or
model identity. They independently evaluated each video along three dimensions: overall visual realism, the quality and
spatial locality of the transferred motion, and the presence of visible artifacts. The transfer quality and locality criterion
assessed both how faithfully the source motion was reproduced and whether it remained confined to the intended target
subject without affecting unrelated regions of the scene.

C.5 Ethical Impact
As with most generative models, our approach is inherently dual-use. While it enables fine-grained control over object
motion for creative, scientific, and educational applications, the same capabilities could be misused to fabricate deceptive
or misleading video content. In particular, localized motion transfer may facilitate the manipulation of how individual
subjects appear to move or act within a scene, potentially creating convincing visual evidence of events that never
occurred. Responsible deployment should therefore include clear disclosure of generated content, provenance tracking
where possible, and appropriate safeguards against deceptive use.
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c)  
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semantic localized
Ours

✅ Both correct

Figure C.5: Localized Motion Transfer. Poses don’t align, so instead of making the person sit, (a) makes the person clip through the
ground. (b) moves the wrong person, (c) makes the correct person sit.
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Figure C.6: Localized Motion Transfer. Since the poses don’t align, (a) generates strong artifacts, while (b) generates a second dog
to accommodate for the two subjects in the source video, while (c) only moves the correct subject without strong artifacts.
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Figure C.7: Localized Motion Transfer. Since the poses don’t align, (a) generates strong artifacts, while (b) moves all subjects,
however (c) moves only the correct person.
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Figure C.8: Localized Motion Transfer. (a) Confuses the object motion for camera motion and does not generate the correct motion
since the poses don’t align, (b) moves the wrong person with the wrong motion, (c) moves the correct person with the right motion.
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Figure C.9: Localized Motion Transfer. Since the camera follows the subject, (a) confuses this for static subjects, (b) moves both
subjects unrealistically, while (c) moves the correct subject with the right motion.

Source Video 1 Source Video 2
a)  low-level

ATI
b)  semantic localized

Ours

Figure C.10: Composite Motion Transfer. (a) creates degenerate camera motion and does not transfer the correct motions (b)
transfers the correct motion to the right subjects.
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Figure C.11: Composite Motion Transfer. (a) creates degenerate camera motion and does not transfer the correct motions, while (b)
transfers the correct motion to the right subjects.
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Figure C.12: Composite Motion Transfer. (a) creates degenerate camera motion and does not transfer the correct motions, while (b)
transfers the correct motion to the right subjects.
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Figure C.13: Composite Motion Transfer. (a) creates degenerate camera motion and does not transfer the correct motions, while (b)
transfers the correct motion to the right subjects.
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Figure C.14: Composite Motion Transfer. (a) does not transfer the correct motions, while (b) transfers the correct motion to the right
subjects.
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Figure C.15: Text-prompted generation. Top: Driving video providing the articulated motion representation. Bottom: Generated
video conditioned on the extracted motion and a text prompt, without using a target start frame.
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