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Figure 1: Given a single input image, our method enables controllable interactive motion generation with
motion causality reasoning. Left: Users can provide active motion to drive scene dynamics (forward reasoning)
or specify desired passive outcomes and recover plausible driving actions (inverse reasoning). Right: The model
further enables disentangled control of object motion and camera viewpoint, allowing users to explore the
scene with custom viewpoints and motions.

Abstract

Generating motion-controlled videos—where user-specified actions drive physically plausible scene dynamics
under freely chosen viewpoints—demands two capabilities: (1) disentangled motion control, allowing users
to separately control the object motion and adjust camera viewpoint; and (2) motion causality, ensuring that
user-driven actions trigger coherent reactions from other objects rather than merely displacing pixels. Existing
methods fall short on both fronts: they entangle camera and object motion into a single tracking signal and
treat motion as kinematic displacement without modeling casual relationships between object motion. We
introduce MoRight, a unified framework that addresses both limitations through disentangled motion modeling.
Object motion is specified in a canonical static-view and transferred to an arbitrary target camera viewpoint
via temporal cross-view attention, enabling disentangled camera and object control. We further decompose
motion into active (user-driven) and passive (consequence) components, training the model to learn motion
causality from data. At inference, users can either supply active motion and MoRight predict consequences
(forward reasoning), or specify desired passive outcomes and MoRight recover plausible driving actions (inverse
reasoning), all while freely adjusting the camera viewpoint. Experiments on three benchmarks demonstrate
state-of-the-art performance in generation quality, motion controllability, and interaction awareness.

Keywords: Video Generation; Disentangled Motion Control; Causal Motion Reasoning

1. Introduction

Humans interact with the physical world as active agents: we move our viewpoint, manipulate objects,
and reason about how actions lead to consequences. Yet existing video generation models lack this unified
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capability [7, 11, 25, 47, 61]. Bridging this gap is essential for applications that demand interactive visual
reasoning, from embodied AI agents [6, 52, 58] that must anticipate action outcomes, to world models [8,
, 26, 26, 60] that simulate physical interactions for robotic planning, to immersive content creation where
users freely navigate and manipulate scenes. A desirable video generation system should therefore offer joint
controllability over both camera and object motion—generating visually coherent frames under arbitrary
viewpoint changes while producing causally consistent scene dynamics driven by user-specified actions.

Existing controllable video generation methods [9, 13, 19, 48, 49, 55] work as renderers: given displacements
for all pixels, they generate a visually realistic video that adheres to the displacements. These approaches have
two key limitations in practice. First, they entangle camera and object motion, making joint control ambiguous
because viewpoint changes alter pixel trajectories. Second, they interpret user-specified motion as simple
kinematic displacement and largely ignore the consequences of the given trajectories. Models, therefore, focus
on following trajectories rather than reasoning about causal relationships between objects. In reality, actions
cause consequences—pushing a cup may cause it to slide and collide with other objects, while lifting a teapot
may cause water to pour. Specifying the effects of all the objects’ motion through motion prompts is often
impractical. Without modeling these action—consequence relationships, motion-controlled generation cannot
capture the causal structure of real-world interactions.

To overcome these challenges, we introduce MoRight, a unified framework for video generation with
disentangled camera—object motion control and motion causality reasoning as shown in Fig. 1. Given a
reference image, user-specified motion trajectories, and target viewpoints, MoRight generates videos where
objects follow the desired motion and the scene is rendered from the specified cameras. For disentangled
camera-object motion control, our key insight is that specifying the motion of objects under camera changes
is inherently difficult. We therefore introduce a dual-stream motion formulation. The first branch models
and generates object motion in the source image plane under a canonical static viewpoint, allowing users to
easily specify dynamic trajectories. The second branch represents the target camera motion and transfers
object dynamics from the canonical branch via temporal cross-view attention. This cross-view motion transfer
enables independent control of camera and object motion while maintaining coherent scene dynamics. For
motion causality reasoning, we achieve this by decomposing object motion into two categories during training:
active motion, representing user-driven actions, and passive motion, representing their causal outcomes. By
conditioning on either active or passive motion signals, the video model learns to generate all the scene dynamics,
capturing action—consequence relationships within the scene. This yields two complementary capabilities:
forward reasoning of scene evolution from user actions, and inverse reasoning of plausible actions that produce
a desired outcome.

We evaluate MoRight on three benchmarks covering diverse interaction scenarios. Results show that
MoRight outperforms existing methods in generation quality, motion controllability, and interaction awareness,
validating the effectiveness of disentangled motion control and causal motion reasoning.

In summary, our contributions are threefold. (1) We propose a disentangled framework for camera and object
motion control, enabling users to draw motion trajectories directly in the image plane while freely adjusting
viewpoints to generate coherent videos. (2) We empower video generation models with motion reasoning
capability by modeling action—consequence relationships, allowing user-driven motions to meaningfully interact
with the environment and produce consistent scene dynamics. (3) We demonstrate that MoRight supports both
forward and inverse reasoning: given active motion inputs, it predicts future scene evolution; given desired
passive outcomes, it recovers plausible actions that achieve them. Together, these advances establish a unified
framework for controllable and reasoning-aware video generation.
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2. Related Work

2.1. Motion-Controlled Video Generation

Controllable video generation has been studied across a spectrum of motion granularity, from coarse region-level
signals such as bounding boxes [37, 49, 57] and optical flow fields [28, 31, 42, 43, 65], to dense per-pixel
trajectories [13, 19], to sparse keypoint tracks [30, 55, 56, 62] that balance precision with ease of specification.
Despite steady progress, trajectory-based methods share two fundamental limitations. First, because trajectories
are defined in pixel space, they inevitably entangle object and camera motion: any viewpoint change alters all
trajectories, making joint control ill-posed without explicit foreground-background decomposition [63]. Second,
producing physically plausible motion typically demands carefully crafted trajectories from dedicated motion-
generation models or laborious manual annotation. MoRight overcomes both issues by disentangling camera
and object motion by design, and by accepting lightweight inputs—simple strokes or sparse tracklets—that the
model completes into coherent, interaction-aware dynamics.

2.2. Camera-Object Motion Disentanglement

Separating camera motion from scene dynamics is a long-standing challenge in controllable generation [12,

, 21, 42, 65]. Existing methods [45, 53, 54] attempt to decouple the two by treating them as independent
control signals, yet they typically rely on privileged information such as per-frame depth [12, 21], 3D object
trajectories [15, 22, 29, 29], or foreground-background segmentation masks, and pre-warp all signals to their
anticipated future locations. These assumptions implicitly require the full video sequence or 3D motion to
be known in advance, severely limiting applicability in image-to-video settings where only a single reference
frame is available. MoRight instead introduces a canonical static-view branch for object dynamics and transfers
them to arbitrary target viewpoints via cross-view attention, eliminating the need for explicit 3D supervision or
pre-computed scene decomposition.

2.3. Interaction and Causal Reasoning in Video Generation

A complementary line of work seeks to move beyond kinematic animation toward causally grounded video
generation. One family of methods incorporates external physics engines [10, 32, 35] or conditions on explicit
action representations such as force vectors [20] to model specific phenomena (e.g., fluid flow, rigid-body
collisions). While effective in constrained domains, these approaches are tailored to particular interaction
types and require a simulation module in the loop, limiting their generality. Another family delegates causal
reasoning to vision-language or large language models [38, 59], which first predict outcomes in text and then
transfer them to the video generator through intermediate representations such as flow fields, edge maps, or
depth [36, 59]. This two-stage pipeline is prone to error propagation: imprecise textual predictions are further
degraded during cross-modal conversion, yielding spatially inaccurate dynamics. MoRight sidesteps both
limitations by learning latent action-response structure directly from video data. Decomposing motion into
active (user-driven) and passive (consequence) components allows the model to perform cause—effect reasoning
at the pixel level within a single forward pass, enabling both forward prediction of scene consequences and
inverse inference of plausible underlying actions.

3. Approach

Given a single image I, we aim to generate a video of 7" frames x € RT*H>*Wx3 that follows the user-defined
motion of an object represented as pixel trajectories 7, and the specified camera motion sequence {C;}Z_;.
The generated video should be able to model the causality of motion and produce a coherent dynamics within
the scene. To achieve this, we first present our approach for disentangled camera and object motion control
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Figure 2: Model architecture. Our model adopts a dual-stream architecture with shared weights to disentangle
object motion from camera motion. The canonical stream encodes motion trajectories using a track encoder
and learns motion in a fixed canonical view. The target stream encodes camera pose signals through a camera
encoder. The resulting motion and camera conditions are injected into every attention block of the network.
Cross-view self-attention connects the two streams, transferring motion learned in the canonical view to the
target view and enabling disentangled camera—object motion generation.

in Sec. 3.1 and Fig. 2, and then introduce motion causality modeling in Sec. 3.2. Sec. 3.3 describes our training
data curation pipeline, and training details along with the inference pipeline are provided in Sec. 3.4.

3.1. Disentangled Camera-Object Motion Control

Most existing approaches adopt pixel-wise trajectories as motion control signals. However, such representations
inherently entangle object motion with viewpoint changes. The video model must implicitly reason how an
object moves, and the camera changes, without explicit geometric cues, when conditioned on these signals. Our
key insight is that object motion is intrinsically unambiguous when expressed in a canonical camera. Building
on this observation, we decouple the motion signal from the viewpoint transformation through a dual-stream
generation framework. The first stream synthesizes a canonical video in a static camera, where object motion
can be directly and faithfully controlled. The second stream generates the target video with both camera and
object motion. The two streams can interact with each other through self-attention as shown in Fig. 2. By jointly
denoising both streams, the model learns to transfer motion cues from canonical space to arbitrary camera
poses, where the canonical stream serves as an anchor for motion control. This design resolves motion—camera
entanglement at generation time while naturally supporting heterogeneous supervision—including motion-only,
camera-only, and fully coupled data—as detailed in Sec. 3.3.

Preliminaries. We build upon a DiT-based latent video diffusion models [14, 47]. A pretrained VAE encoder
first encodes the video into a latent space zo = £(x) € RTxHxWxd The diffusion model is trained in this latent
space via flow matching [34]. Specifically, we first sample a noise from a Gaussian distribution: € ~ A/(0, 1),
and form z, = (1—t) zp + t e for ¢t € [0,1]. The DiT Gy is trained to regress the velocity:

£ =By 1, [IGo(zi,t,0) = (e = 20) ] e}

where ¢ denotes conditioning signals (e.g., text). At inference, an ODE solver integrates the learned velocity
from a noise to a clean latent 7z, from which a decoder reconstructs the original video x = D(%j).

Dual-stream generation. The user first provide the object motion {7}~ , in the canonical frame. The first

i=1
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stream generates the videos only with object motion, and the second stream generates the videos with both
object and camera motion. Concretely, the two streams receive their individual conditions:

can _ {I, C1, {,l_ican}}7 ot — {]7 {C;}, @}7

where C; denotes the camera in the first image and is an identity matrix, and () denotes empty object motion.

In the following, we assume we have the paired training data: one ground truth video x“" with object
motion only, and the corresponding video x"" with both object and camera motion. Extensions to other training
data are described in Sec. and Sec. 3.4. We add independent noise with the same timestep ¢ to each stream
and obtain z{" and z{*". We then concatenate two latents along the temporal dimension and jointly denoise
them. We slightly modify the positional embedding to indicate the difference between the two streams, with
details in the supplement. In this way, we reuse the same DiT weights for two streams, and the only difference
is their input and conditioning. The two streams naturally exchange information in the self-attention layers of
each transformer block. During inference, the two streams are jointly denoised, and we provide the output
from the target stream x = D(2{") to the user, and the canonical stream serves as an “virtual” anchor.

Condition injection and motion transfer. We inject camera and motion conditions into the latents of DiT at
every transformer block. Specifically:

Camera encoding. We follow Gen3C [64] and warp the first image I using the corresponding camera pose
and estimated depth [33]. We then encode the warped frames via encoder £ from VAE and obtain the latent
z@m ¢ RT*xHxWxd Eor the canonical stream, we use the identity matrix for warping.

Motion encoding. Following [19], we build a per-pixel trajectory map where pixels along one trajectory
share the same temporal-correspondence embedding. We then encode it via a lightweight encoder to obtain
ek ¢ RTxHxWxd Eor the target stream, we simply set e = 0 since the condition is empty.

Condition injection. The camera and motion encodings are fused via learned linear projections and added
into the latent feature at each transformer block. Let f denote the feature of one block:

£ £ Weam 2™ 4+ Wi "™, i € {can, tar}. (2)
The features from the two streams are then concatenated and passed through the self-attention layer:
[£997; £27 ] := SelfAttn( [ £ £77]), 3)

allowing target-view tokens to attend to motion-conditioned canonical tokens and vice versa, implicitly exchang-
ing the motion information in latent space. This inject-then-synchronize repeats at every block, progressively
transferring motion across views, as shown in Fig.

3.2. Motion Causality Modeling

Disentangling the camera from motion alone is insufficient for
realistic interactions: when a hand pushes a cup, the cup must
slide; when a ball strikes a stack of blocks, the blocks must
scatter. We term this as motion causality: the ability to reason
plausible consequences from the given actions, and vice versa.

To model this, we decompose the motion tracks of all fore-
ground objects 7 = {7;}L_, into two complementary compo-
nents as shown in Fig. 3: 7; = 73 U 77*, where 73 captures
the active (causal) motion—the intentional action applied to

the scene (e.g., a hand pushing)—and 77* captures the passive

Figure 3: Active vs. passive motion. The ac-
tive object (hand) initiates the action, while
the passive object (cloth) responds.
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Figure 4: Data curation pipeline. Foundation models [22, 27, 39] extract depth, camera poses, and tracks from
raw videos. A VLM [3] segments tracks into active/passive regions. We further optionally use a video-to-video
model [18] to generate paired videos with the same object motion but different camera motions.

(consequential) motion—the reaction from other objects (e.g., the pushed object sliding). Reasoning such
causality is critical in applications such as embodied Al

The central mechanism to enable the causality modeling is through motion dropout. Specifically, during
training, we randomly dropout one motion component from the input, and supervise the model on the full
video containing both active and passive motion:

TiaCta 5 < pa
7%, otherwise,
where ¢ is sampled from a uniform distribution 2/(0, 1), p is the dropout probability and 7; is used as tracking

condition to video model.

In our model training, we do not distinguish active motion or passive motion when feeding them into the
model, and only rely on the model’s capability to reason the dropped component to generate plausible videos.
Over-training, this asymmetric supervision encourages the video models to internalize the causal relationship
between actions and their consequences, rather than simply replaying the provided trajectories.

At inference, this learned causality enables two complementary applications: forward reasoning (action
— reaction), where users specify an action and the model generates the resulting consequences; and inverse
reasoning (reaction — action), where users prescribe a desired outcome and the model synthesizes a plausible
action that drives it. We demonstrate these capabilities in Sec.

3.3. Training Data Curation

Curating data to train our dual-stream model is challenging since most real-world videos are single-view and
always entangle camera and object motion, while our model requires paired videos depicting the same dynamics
under different viewpoints. We first describe our data annotation pipeline to extract the pixel trajectories,
camera poses, and active/passive motion, and provide details of our data curation for training afterwards. The
overview of pipeline is shown in Fig.

Motion extraction and canonicalization. Given a video x, we estimate per-frame depth maps {D;}, cam-
era poses {C;}, and intrinsics K using ViPE [27], and extract dense pixel trajectories 7 = {7;}7_, with
AllTracker [22]. Each trajectory is unprojected to 3D and reprojected into the first frame:

2 = (K, Co C; ' nm (K, 3, D)), (5)

(2
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where 7! lifts 2D points to 3D using depth and intrinsics, and 7 projects onto the image plane of I,. We
assume constant intrinsics across the video.

Active and passive motion decomposition. For the given video, we prompt a vision-language model
(Qwen3 [3]) to identify the active and passive objects, then segment the first frame with SAM2 [39], yielding
masks M3 and MP*, for active and passive objects, respectively. Trajectories are assigned to each component
by mask membership, producing 7™ and 7™P2s for the motion dropout training in Eq. (4). We also generate
per-video captions describing each motion component and only provide the caption of one component during
training to prevent information leakage.

Synthetic data generation for paired two-view videos. We leverage a synthetic data generation pipeline to
generate paired two-view videos for training. Specifically, we first curate the videos whose cameras are static
by checking the displacement of camera poses estimated from ViPE [27]. We then synthesize corresponding
moving-camera videos using a camera-control video-to-video model [17], providing supervision for the second
stream. To increase camera diversity, we further augment the data with basic camera operations (e.g., orbit,
pan, zoom) as well as dynamic camera trajectories extracted from real videos.

Single-view real-world data for mixed-training. The generated paired videos inevitably contain visual
artifacts. In our dual-stream mode, the abundant single-view real-world data can be leveraged for mixed-
training. First, for the videos with static cameras (object motion only), we duplicate the video and treat it as
the target video. In this case, the video model learns to exchange the motion condition from the first stream
(with motion condition) into the target stream (without motion condition). Second, for the videos that exhibit
both camera and object motion, we feed the condition into the video model as described in Sec. and only
supervise the second stream, leaving the loss at the first stream being zero. These two mixed-training strategies
expose video models to real-world data with diverse camera and object motion, increasing the robustness and
generalizability to various camera and motion configurations, while mitigating artifacts from synthetic data.

Rendered Graphics Data. We further incorporate synthetic data from SyncCamMaster [2] to expose our
model to more camera diversity.

3.4. Training and Inference

We train the DiT using the flow matching loss from Eq. (1), and apply two complementary dropout strategies
to encourage the model learn the motion causality.

Multi-granularity motion dropout. Per Eq. (4), we randomly retain either 72 or 7P to encourage causal
reasoning. We further obtain multi-granularity trajectories by averaging per-pixel trajectories within each
patch. During training, we randomly select the granularity, enabling the model to capture both fine-grained
pixel control and object-level manipulation.

Occlusion and track dropout. For the obtained trajectory, we randomly mask a subset of it to simulate
occlusion and tracking failures that can happen during inference, improving robustness to missing or unreliable
tracks.

Inference. At test time, users first specify motion by drawing sparse trajectories (simple curves or strokes
on the first image) to indicate the desired direction and magnitude of movement, along with an optional text
prompt and target camera poses {C;}._,. We further perform occlusion-aware masking by approximating
visibility ordering from the first-frame depth. The model then jointly denoises both streams, with the second
stream being presented to the user.
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Figure 5: Controllable generation. MoRight generates coherent videos under different camera viewpoints.
Rows 1-2 and 3-4 share object motion but differ in camera motion, while rows 1-3 and 2—4 share camera
motion but differ in object motion.

4. Experiments

4.1. Implementation Details

We build upon the pretrained Wan2.1-14B [47] and fine-tune only the camera encoder, trajectory encoder, and
self-attention layers. The trajectory embedding dimension is 64, and the camera encoder uses 32 channels. We
train the model with 15K iterations on 64 GPUs with a global batch size of 16, using AdamW with a learning
rate of 3 x 10~° and weight decay 0.001. Trajectory dropout is set to 0.1 and text-conditioning dropout to 0.2.

Following the data curation pipeline in Sec. 3.3, we collect 72K static-view real videos collected from the
Internet, 16K paired dynamic-view videos synthesized via camera-control video-to-video generation, and 3.4K
synthetic interaction videos from SyncMaster [2]. All videos are processed at 480p resolution. At inference, we
sample 35 diffusion steps; generating one video takes approximately 15 minutes on a single A100 GPU.

4.2. Experiment Settings

Evaluation metrics. We evaluate our model across four different aspects: Video quality: PSNR and SSIM
against reference videos, and FID and FVD [46] for distribution-level similarity. Camera accuracy: rotation
and translation errors [1, 2, 23] between reference poses and poses estimated from generated videos using
ViPE [27]; we report median errors across frames to mitigate estimation noise. Motion accuracy: end-point
error (EPE) [13, 19], the /5 distance between ground-truth object tracks and predicted tracks extracted
with AllTracker; we report the median EPE to reduce the impact of outlier tracks. Motion realism: Physical
Commonsense (PC) and Semantic Adherence (SA) from VideoPhy [4], both 5-point scores normalized to [0, 1].
All evaluations are conducted at 480p resolution.

Evaluation Datasets. We evaluate on three datasets spanning diverse interaction scenarios. DynPose-100K [41]
is an in-the-wild dataset with highly dynamic camera motion; we manually select 50 videos exhibiting strong
viewpoint changes and clear object interactions. WISA [50] is a large-scale physical-dynamics dataset; we
select 50 videos from categories including collision, deformation, elasticity, liquid, and rigid-body motion. We
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Figure 6: Qualitative comparison of ATI [48], WanMove [13], and MoRight on interactive motion generation
with camera control. All methods use the same input image. ATI and WanMove rely on pixel-aligned per-frame
tracks (top-left), which entangle camera and object motion and require privileged future tracks. In contrast,
MoRight uses only reprojected first-frame tracks. The first two rows show active motion reasoning, and the
third row shows passive motion reasoning. Our model disentangles camera and object control and produces
more coherent interactions.
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Table 1: Controllable video generation on DynPose-100K and Cooking. We compare models with camera and
object motion control. Tracking-based methods (MP, ATI, WanMove) require privileged foreground/background
tracks, while MoRight uses only first-frame reprojected trajectories and camera poses. Despite weaker inputs,
MoRight achieves comparable visual quality and more accurate motion control. All methods use the Wan2.1-14B
backbone; * denotes models reimplemented and trained by us. Best and second-best results are marked in
bold and underline.

DynPose-100K Cooking
Method Full info PSNR1 SSIM1 Rot] Trans| EPE| PSNR{ SSIMt Rot| Trans] EPE |
Wan2.1 [47] X 11.23  0.435 - - - 14.23  0.527 - - -
Gen3c* [40] X 12.45 0.507 5.46 4.09 - 15.37 0.613 1.97 10.03 -
MP* [19] v 11.72 0455 6.76 6.04 7.56 15.68 0.564 2.50 12.24 4.25
ATI [48] v 13.18 0.493 5.62 654 843 1593 0.582 425 1694 5.87
WanMove [13] v 13.91 0.521 4.12 3.56 805 1642 0.589 293 13.27 5.47
Ours X 12.30 0.457 4.55 461 7.64 16.44 0.594 2.16 10.11 4.27

Table 2: Interactive motion generation on WISA [50] and Cooking. We compare motion-conditioned video
generation models on WISA and Cooking, evaluating video quality (FID, FVD) and motion realism (PC, SA).
Prior methods require detailed motion captions with full interaction descriptions, while MoRight uses only a
single active motion description yet achieves comparable quality with stronger physical commonsense reasoning.
All methods use the Wan2.1-14B backbone for fair comparison; * denotes models reimplemented and trained
by us. Best and second-best results are marked in bold and underline.

WISA Cooking
Method Fullinfo FID, FVD| PCt SAt FID| FVD]| PCt SA?
MP* [19] v 57.29 97594 0.75 0.82 43.49 759.53 0.87 0.89
ATI [48] v 69.80 990.82 0.75 0.83 55.80 881.94 0.85 0.90
WanMove [13] v 61.34 1088.23 0.73 0.83 53.51 882.90 0.84 0.87
Ours X 5295 876.03 0.76 0.82 39.94 730.46 0.88 0.89

further collect 50 real-world cooking videos, featuring complex hand-object interactions.

4.3. Disentangled Camera-Object Motion Control

Existing works on controllable video generation typically focus on either camera or object motion in isolation.
Motion-conditioned baselines [13, 19, 48] typically receive privileged signals of both foreground and background
tracks of all the pixel trajectories for control, while our method only uses reprojected trajectories defined on the
canonical frame, without access to future-frame pixel trajectories. We compare our method with state-of-the-art
baselines to evaluate the quality in motion control and camera control. While challenging, this evaluation
allows us to demonstrate our model’s unique ability to generate faithful motion from disentangled controls—a
task that is fundamentally more difficult than baselines.

Baselines and setup. We compare with several controllable video generation methods. Wan2.1 [47] is
our base model without motion control. Gen3C [40] only supports camera control. Recent state-of-the-art
motion-conditioned models (Motion Prompting (MP) [19], ATI [48] and WanMove [13] all takes dense pixel

10
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Figure 7: Causal interaction reasoning. In the first 3 rows, we provide active motion (e.g., hand movement)
as input, and the model infers the resulting passive motion (e.g., cloth movement). In the last 3 rows, we
provide passive motion (e.g., ball movement), and the model infers the corresponding active motion (e.g.,
human movement).

tracks as input. For a fair comparison, we retrain Gen3C and MP in our setup, and all methods share the same
Wan2.1-14B backbone. Evaluation is conducted on DynPose-100K [41] and Cooking dataset. Motion accuracy
is evaluated in future-frame pixel space via EPE for all methods.

Results. Quantitative results are provided in Tab. 1, with controllable results in Fig. 5, qualitative comparisons in
Fig. 6. On DynPose-100K [41], WanMove [13] achieves the best overall numbers. Our method is slightly behind
under highly dynamic camera motion, where errors in camera pose estimation and trajectory reprojection can
degrade the input control signals. Nevertheless, MoRight attains comparable controllability to methods that
rely on privileged future-frame tracking information and achieves the best EPE for object motion accuracy. We
observe that ATI [48] and WanMove [13], which couple camera and object motion in a single tracking signal,
tend to favor the dominant motion mode in highly dynamic settings—sometimes sacrificing camera accuracy
or object tracking fidelity. On the Cooking benchmark, our method achieves the best overall performance in
both visual quality and motion control accuracy.

4.4. Motion Causality Modeling

Setup. We evaluate the causality of modeling motion on WISA [50] and Cooking, measuring both generation
quality (FID, FVD) and motion realism (PC, SA). We compare with MP* [19], ATI [48], and WanMove [13], all

11
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Table 3: Ablation of motion controllability and reasoning on the Cooking benchmark. We ablate archi-
tectural choices, causal reasoning, hybrid training, and different motion input granularities. Our full model
achieves the best overall performance across photometric quality, controllability, and motion realism, while
remaining robust to different motion granularities and input conditions (active and passive).

Photometric Controllability Motion
Setting FID|] FvVvD] PSNR{1 SSIM1T Rot] Trans] EPE] PC{T SA1
cascaded 41.74 728.80 1598 0.569 2.69 11.50 5.05 0.87 0.89
w/o fixed view 51.17 997.83 14.15 0.515 3.36 14.57 14.30 0.87 0.89
W/0 reasoning 44.04 784.19 1555 0.562 2.88 1249 5.05 0.87 0.88
w/o0 mixed training 41.94 808.96 16.29 0.583 2.22 12.80 4.09 0.87 0.89
ours (coarse) 39.83 725.88 16.45 0.594 2.21 10.98 4.37 0.88 0.88
ours (passive) 44.20 838.67 15.99 0.588 .21 11.04 7.27 0.87 0.88
ours (active) 39.94 730.46 16.44 0.594 2.16 10.11 4.27 0.88 0.89
following the same input protocol as Sec. 4.3. Every model receives active motion representing the user-specified

action (e.g., a hand pushing an object); the goal is to generate plausible interaction outcomes. Baseline
methods use their original prompts containing both motion descriptions and expected consequences. Our
model receives only the active motion description, without specifying passive outcomes, and must infer the
resulting interactions.

Results. Quantitative results are reported in Tab. 2. MoRight achieves the highest PC score on WISA, indicating
strong physical commonsense, and the best video quality (FID, FVD) on both datasets. For SA, we rewrite
the input prompt to remove passive motion descriptions and avoid information leakage; consequently, our
score is slightly lower than methods that use full prompts containing both actions and outcomes, yet remains
comparable. This confirms that MoRight’s generations stay semantically aligned with intended outcomes while
demonstrating genuine causal motion reasoning rather than relying on prompt-supplied answers. Qualitative
examples of both reasoning modes—forward (action — reaction) and inverse (reaction — action)—are shown
in Fig. 7. Our model generates plausible reactions when providing the active motion, and can reason the
meaningful active motion when providing passive motion.

4.5. Ablation Studies

We ablate model design, training strategies, and input conditions on the Cooking dataset in Tab.

Model design and training. Cascaded pipeline (row 1): a naive solution for disentangling camera-object motion
is to first generate motion-controlled video under a static camera, followed by a Gen3C-style camera controller
to move the camera. However, this approach introduces error accumulation between two stages, yielding larger
control errors. W/o fixed-view branch (row 2): we only train with dynamic camera views and jointly encode
the reprojected tracks and camera embeddings, removing the canonical-view anchor. The model struggles to
disentangle camera and object motion, resulting in significantly worse camera and tracking accuracy. W/o
motion reasoning (row 3): we disable active/passive decomposition during training. This approach increases
FID/FVD and reduces PC, indicating degraded interaction quality. W/0 mixed supervision (row 4): We only
train the model on paired data. It slightly degrades camera accuracy, as the paired subset contains limited
camera motion diversity.

Input conditions. We vary the motion input configuration to evaluate the robustness of our models. Specifically,
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we evaluate with coarse segment-level trajectories vs. fine-grained pixel tracks, as well as active vs. passive
motion inputs. Performance remains stable across all settings, confirming that MoRight flexibly handles different
motion granularities and types while maintaining strong controllability and causal reasoning capability.

5. Conclusion

We present MoRight, a unified framework for controllable and interaction-aware video generation. MoRight
addresses two key limitations of prior motion-controlled methods: (1) entangled camera and object motion,
resolved through a dual-stream design that enables independent control of object trajectories and camera
viewpoints; and (2) limited causal reasoning, addressed by decomposing motion into active (user-driven) and
passive (consequence) components to learn action-response dynamics. At inference, MoRight supports both
forward prediction—generating scene outcomes from active motion—and inverse reasoning—inferring actions
from desired passive results. Experiments on DynPose-100K, WISA, and Cooking show strong performance in
generation quality, motion control, and interaction awareness, establishing MoRight as a step toward more
interactive and physically grounded video generation.
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A. Implementation Details

A.1. Network Architecture

Our model builds on the Wan2.1 12V-14B [47]. We first encode the two-view videos and then concatenate the
tokens along the temporal dimension before feeding them into the model. The two streams share the same
spatial RoPE [44] embeddings but use different temporal indices. The object tracking condition, represented as
a trajectory map, is encoded by a lightweight temporal encoder with RMSNorm, SiLU [16], and two 3 x 1 x 1
Conv3D layers that downsample the temporal dimension by 4x to match the Wan latent resolution. For camera
motion control, we follow Gen3C [40] by warping the first frame with the camera trajectory and encoding it
with the VAE, producing features in the same latent space and resolution.

Both camera and tracking features are linearly projected to the Wan hidden dimension (5120) and added
to the video tokens before the self-attention layer of each Wan2.1 transformer block. During training, we only
train the lightweight temporal encoder and the self-attention layers together with the camera and tracking
encoders in each block, and freeze other parts of the network.

A.2. Training Data Curation

In training data curation, we need to identify active and passive object and its motion in a given video. We first
identify those objects by querying Qwen3-VL [3] and use SAM2 [39] for video object segmentation. The system
prompt to Qwen3-VL [3] is shown in Fig. 8. We further use Qwen3 to rewrite video captions by decomposing
object motion into active or passive descriptions, ensuring that each rewritten caption contains only one type
of motion. During training, the original caption and the rewritten caption are randomly sampled with equal
probability, encouraging the model to infer plausible interaction consequences. To generate paired multi-view
data, we select videos from our collected Internet videos with nearly static cameras using the camera poses
provided by ViPE [27], requiring a maximum rotation of 0.5° and translation of 5 mm.

~ )
System: You are a video understanding specialist. Follow all rules exactly and output only valid JSON.
* active_dynamic: objects that move by their own power or actuation (e.g., person, hand, animal, robot, drone, car, bus,
train, boat, ship, airplane, motorcycle).
* passive_dynamic: objects that move only because of other objects or forces. If a person/hand is visible manipulating an
item, that item is passive_dynamic.
User: You are given a video. Identify all objects that actually move:

* active_dynamic: objects moving by their own power (or actuation).
* passive_dynamic: objects that move only because other objects or natural forces cause them to move.

Figure 8: Prompt used for active and passive object identification for Qwen3 [3] in data curation pipeline.

A.3. Training

During training, we apply several data augmentations to improve robustness. For each sample, we randomly
simplify the input trajectories with probability 0.5, where tracks are averaged per object such that all pixels
of the same object share a single trajectory. To encourage the model to reason about motion causality, we
randomly provide active or passive motion tracks with probabilities 0.8 and 0.2, respectively. We further apply
motion dropout by randomly dropping visible tracks with probability 0.2 to simulate occlusion and tracking

© 2026 NVIDIA. All rights reserved.
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errors commonly observed in off-the-shelf trackers at inference time. In addition, we randomly truncate tracks
after a sampled middle frame to simulate partial observations of motion. During training, we randomly sample
between 500 and 2000 tracks per iteration. At inference time, we fix the number of input tracks to 1500 for
all experiments to ensure consistent evaluation. Finally, since multi-view supervision is critical for learning
camera—object disentanglement, we control the sampling ratio of multi-view and single-view training samples,
ensuring that single-view data is sampled at a lower rate to prevent the model from overfitting to single-view
motion patterns.

A.4. Inference

At inference time, users can freely select objects in the first frame and specify their motion trajectories. Motion
control can be provided either in a coarse manner, where the entire object moves with a shared trajectory, or
in a fine-grained manner using sparse point tracks. To facilitate interaction-driven editing, we also provide
several simple motion primitives for hand interactions, such as push, pull (along a specified direction), and
reach (toward a target location). For passive motion control, users can define arbitrary 2D trajectories; in
practice, we use straight-line trajectories with different directions when performing inverse reasoning (Fig. 12).

To enable flexible control, we implement an interactive GUI as shown in Fig. 9. Starting from a single input
image, users draw motion trajectories directly on the first frame while specifying camera motion independently
through a sequence of camera poses (the first frame is treated as the identity pose). The interface supports
trajectory visualization across time steps and occlusion checking using the first-frame depth estimated by
MoGe [51], enabling intuitive editing of object dynamics and camera viewpoints during generation.

Figure 9: Interactive demo interface. Our system enables users to control both object and camera motion
from a single image. Users draw trajectories on the first frame to specify object motion (active or passive),
either by moving a selected region using keypoint trajectories or by defining fine-grained motion paths for
detailed control.

A.5. Evaluation

The Cooking Benchmark is constructed from real-world cooking videos collected from YouTube that contain
rich hand-object interactions. These scenes involve diverse manipulation behaviors such as pushing, cutting,
and picking, making them a suitable testbed for evaluating interactive motion reasoning. The benchmark
contains 50 video clips covering a variety of kitchen environments and object interactions.
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Figure 10: Human perceptual evaluation interface. Given an input image, object trajectories, and a target
camera motion, participants evaluate generated videos under three criteria: Controllability (matching object
tracks and camera motion), Motion Realism (physically plausible interactions and scene responses), and
Photorealism (overall visual quality). For each criterion, participants select the best video (multiple selections
allowed for ties, or None if none satisfy it). The study contains 30 randomly selected video sets with shuffled
candidate order.

For motion quality evaluation, we adopt Physical Commonsense (PC) and Semantic Adherence (SA),
from [4, 5]. PC measures whether the generated video follows real-world physical behaviors. SA evaluates
whether the generated video remains semantically consistent with the input text prompt. For SA, we use the
original caption of each video as the evaluation prompt. We use the automatic evaluation rater provided to
score the generated videos and report the resulting normalized scores across different methods.

B. Human Evaluation Analysis

Besides the automatic objective metrics, we conduct a human perceptual evaluation to assess generation quality.
For each method, the inputs include an image, object motion trajectories, and camera motion controls. ATI
and WanMove take pixel-aligned per-frame tracks projected from privileged 3D trajectories, including both
foreground and background tracks as well as full interaction trajectories (active and passive). In contrast, our
method only takes first-frame active motion trajectories without privileged information and relies on the model
to infer plausible interactions.

We randomly sample 30 examples from the union of all test datasets. For each example, candidate videos
from different methods are displayed in randomly shuffled order to avoid positional bias. Participants evaluate
the results under three criteria: Controllability (whether object motion follows the input trajectories and the

20



Appendix — MoRight: Motion Control Done Right

User Preference by Metric

. ATI s WanMove s ours None
Controllability Motion Realism Photorealism
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Figure 11: Human perceptual evaluation. From 330 responses by 11 participants, our method is preferred
across controllability, motion realism, and photorealism, outperforming ATI [48] and WanMove [13], which
rely on privileged 3D tracks but lack interaction reasoning.

camera follows the specified motion), Motion Realism (whether interactions and scene responses are physically
plausible), and Photorealism (visual quality). For each criterion, participants select the best video among the
candidates; multiple selections are allowed for ties, and None can be chosen if none satisfy the criterion. The
interface contains 30 questions corresponding to the sampled examples. After applying a sanity check to
remove unreliable submissions, we obtain responses from 11 valid participants, resulting in 330 responses for
each criterion. The evaluation layout is shown in Fig. 10.

The results of the human perceptual evaluation are summarized in Fig. 11. Our method is preferred in
the majority of cases, achieving 53.5%, 54.6%, and 55.9% preference for controllability, motion realism, and
photorealism, respectively, outperforming ATI [48] (18.8%, 18.2%, 17.4%) and WanMove [13] (25.0%, 25.7%,
23.1%). Despite using privileged 3D trajectories and full interaction tracks, the baselines lack interaction
motion reasoning capability and rely on entangled camera—object motion representations, leading to inferior
results. In contrast, our approach explicitly reasons about interactions while disentangling camera and object
motion, resulting in more controllable and realistic video generation.

C. More Qualitative Results

C.1. Interactive Motion Generation

We demonstrate the causal reasoning ability of our model in Fig. 12. We generate videos and select the
first-stream generation (static view) to visualize the interaction dynamics. The input motion tracks are overlaid
on the generated frames, where colored tracks indicate either user actions (active motion) or passive trajectories.
Our model supports both forward and inverse reasoning. In forward reasoning (first two samples), the model
predicts plausible scene consequences given the specified active motion. In inverse reasoning (last sample),
the model infers feasible driving actions that could lead to the observed passive outcomes. These examples
highlight the model’s ability to reason about causal interactions between actions and objects.

C.2. Disentangled Camera-Object Control

We present additional disentangled controllable generation results in Fig. 13. Object motion trajectories are
overlaid on the input image. We demonstrate three different object motions and three different camera motions
(orbit-left, zoom-in, and zoom-out), resulting in 9 generated videos in 3 group. Each group shares the same
object motion while varying the camera viewpoint, highlighting the model’s ability to maintain consistent
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Figure 12: Causal interaction reasoning. Input tracks are shown in color and overlaid on the generated static
reference-view video. The tracks represent user actions (active) or passive trajectories. Given these inputs,
our model either predicts plausible consequences (forward reasoning) or recovers feasible driving actions that
produce the desired outcomes (inverse reasoning, last row).
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Zoom-in Orbit-left

Zoom-out

Zoom-in Orbit-left

Zoom-out

Zoom-in Orbit-left

Zoom-out

Figure 13: Additional controllable generation-1. Object motion trajectories are overlaid on the input image.
For each video, we show different camera and object motion control. Each group shares the same object motion
but uses different camera motions. Minor variations under the same object motion but different camera motions
arise from the stochastic nature of interaction generation.
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WanMove ATI

MoRight

WanMove ATI

MoRight

‘WanMove ATI
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Figure 14: Additional qualitative comparison with ATI [48], WanMove [13], and MoRight. ATI and WanMove rely on privileged 3D
trajectories (with depth) projected to pixel-aligned per-frame tracks and take full interaction trajectories (active and passive) as input. In
contrast, MoRight uses only first-frame active tracks without privileged information and infers plausible interactions.
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Figure 15: Limitation analysis. Input tracks are overlaid on the first frame as in previous figures. (1) Incorrect
interaction reasoning may lead to implausible outcomes (two kabobs merging). (2) Unnatural motion can
occur when input tracks become temporally sparse due to occlusion (hand example). (3) Physically unrealistic
dynamics may appear, such as objects disappearing during motion (soccer ball). (4) Hallucinated content may
emerge in later frames (extra hand).
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object dynamics under different camera controls. Minor variations under the same object motion but different
camera motions arise from the stochastic nature of interaction generation.

C.3. Qualitative Comparison

We provide additional qualitative comparisons with ATI [48] and WanMove [13] in Fig. 14. Both baselines rely
on privileged 3D trajectories (with depth) projected to pixel-aligned per-frame tracks and take full interaction
trajectories (active and passive) as input. In contrast, our method only requires 2D motion trajectories on the
first frame, while camera motion is introduced in the second stream of our dual-stream architecture. Despite
using weaker inputs, our approach achieves stronger controllability and produces more coherent interactions
while maintaining disentangled camera—object motion.

D. Limitation Analysis

Despite promising results, our method still exhibits several limitations, as illustrated in Fig. 15. First, the model
may produce incorrect interaction reasoning, leading to implausible outcomes such as two kabobs merging into
a single object. Second, unnatural motion can occur when the input trajectories become temporally sparse due
to occlusion, making it difficult for the model to reliably infer the intended motion (e.g., the hand example).
Third, the generated motion may violate physical consistency, such as objects disappearing during interaction
(soccer example). Fourth, the model may occasionally hallucinate new content in later frames, such as an extra
hand appearing during generation.

In addition, our method has difficulty modeling very complex or fast camera motion (e.g., drastic egomotion).
Our camera control is designed for common smooth camera trajectories, and when the input camera motion
changes drastically, the predicted interaction dynamics may degrade.
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