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

Generating motion-controlled videos—where user-specified actions drive phys-
ically plausible scene dynamics under freely chosen viewpoints—demands two
capabilities: (1) disentangled motion control, allowing users to separately con-
trol the object motion and adjust camera viewpoint; and (2) motion causality,
i.e., generative action—consequence dependency, ensuring that user-driven ac-
tions trigger coherent reactions from other objects rather than merely displacing
pixels. Existing methods fall short on both fronts: they entangle camera and ob-
ject motion into a single tracking signal and treat motion as kinematic displace-
ment without modeling causal relationships between object motion. We intro-
duce MoRight, a unified framework that addresses both limitations through dis-
entangled 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 decom-
pose 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 predicts consequences (forward reason-
ing), or specify desired passive outcomes and MoRight recovers plausible driv-
ing 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.
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1 Introduction

Humans interact with the physical world as active agents: we move our view-
point, manipulate objects, and reason about how actions lead to consequences.
Yet existing video generation models lack this unified capability [7,12,33,66,80].
Bridging this gap is essential for applications that demand interactive visual
reasoning, from embodied Al agents [0, 70,77] that must anticipate action out-
comes [22, 20, 28], to world models [8, 31, 34,79, 82] that simulate physical in-
teractions, and to immersive content creation [11, 21,44, 49, 50, 75, 86] 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 [1, 10, 15,23,67,68, 73] work
as renderers: given displacements for all pixels, they generate a visually real-
istic 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. Sec-
ond, they interpret user-specified motion as simple kinematic displacement and
largely ignore its consequences. Models thus follow trajectories rather than rea-
son about causal relationships between objects. Here, we use causal reasoning
in a generative sense, referring to action-consequence dependencies rather than
structured causal inference. In reality, actions have consequences: lifting a teapot
may make water pour. Specifying all objects’ motion through prompts is often
impractical. Without modeling such action-consequence relationships, motion-
controlled generation cannot capture the 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 ob-
jects 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 main-
taining 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: for-
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ward 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 sce-
narios. Results show that MoRight outperforms existing methods in generation
quality, motion controllability, and interaction awareness, validating the effec-
tiveness 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 mo-
tion trajectories directly in the image plane while freely adjusting viewpoints
to generate coherent videos. (2) We empower video generation models with mo-
tion 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.

2 Related Work

2.1 Motion-Controlled Video Generation

Controllable video generation has been studied across a spectrum of motion gran-

ularity, from coarse region-level signals such as bounding boxes [54,68,76], sparse
keypoint tracks [41, 73,75, 83], optical flow fields [38,42, 62,63, 87|, and dense
per-pixel trajectories [15,23]. 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. Second, producing physically plausible motion typ-
ically demands carefully crafted trajectories from dedicated motion-generation
models [11,49,50,53,55,62] or laborious manual annotation. MoRight overcomes
both issues by disentangling camera and object motion by design, and by ac-
cepting 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 [35, 40, 43, 81, 88] is a long-
standing challenge in controllable generation [23, 64,71, 72] and video under-
standing [36,51]. Existing methods [14,25,62,87] attempt to decouple the two by
treating them as independent control signals, yet they typically rely on privileged
information such as per-frame depth [14,25], 3D object trajectories [17,29,39],
or foreground-background segmentation masks [46,56,62,87], and pre-warp all
signals to their anticipated future locations. These assumptions require the full
video sequence or 3D motion to be known in advance, limiting image-to-video
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Fig. 2: Model architecture. Our model uses a shared-weight dual-stream architec-
ture to disentangle object and camera motion. The canonical stream encodes trajec-
tories with a track encoder and learns motion in a fixed canonical view, while the
target stream encodes camera poses through a camera encoder. The resulting motion
and camera conditions are injected into each attention block. Cross-view self-attention
links the streams, transferring canonical-view motion to the target view for disentan-
gled camera-object motion generation.

settings where only one reference frame is available. MoRight instead uses a
canonical static-view branch for object dynamics and transfers them to arbi-
trary target viewpoints via cross-view attention, without explicit 3D supervision
or precomputed scene decomposition.

2.3 Interaction and Causal Reasoning in Video Generation

A complementary line of work moves beyond kinematic animation toward causally
grounded video generation. Some methods use external physics engines [11,37,

14,50,55] or explicit action representations such as force vectors [24] to model
specific phenomena, e.g., fluid flow or rigid-body collisions. While effective in
constrained domains, they are tailored to particular interactions and require

simulation in the loop, limiting generality. Others delegate causal reasoning to

vision-language or large language models [45,57,74, 78], which first predict out-

comes in text and then transfer them to video generators through intermediate

representations such as flow fields [53,55], edge maps [53], or depth [53,84]. This

two-stage pipeline is prone to error propagation, as 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 enables pixel-level cause-effect reasoning

in a single forward pass, supporting both forward consequence prediction and

inverse action inference.

3 Approach

Given a single image I, we aim to generate a T-frame video x € RT*HxWx3
that follows user-defined object motion, represented by pixel trajectories 7, and
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a specified camera motion sequence CilT:l. The generated video should model
motion causality and produce coherent scene dynamics. To achieve this, we
first present our approach for disentangled camera and object motion control
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 sig-
nals. 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 gener-
ation framework [2,3]. The first stream synthesizes a canonical video in a static
camera, where object motion can be directly and faithfully controlled. The sec-
ond 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 en-
tanglement at generation time while supporting heterogeneous supervision, in-
cluding motion-only, camera-only, and fully coupled data Sec. 3.3.
Preliminaries. We build upon a DiT-based [58] latent video diffusion mod-
els [16,66]. 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 [48]. Specifically, we first sample a noise from a Gaussian distri-
bution: € ~ N(0,I), and form z; = (1—t)2z¢ + te for ¢t € [0,1]. The DiT Gy is
trained to regress the velocity:

£ =By 1, | IG0(e,t,0) = (e —20) ] M

where ¢ denotes conditioning signals (e.g., text). At inference, an ODE solver [39)]
integrates the learned velocity from a noise to a clean latent Zy, from which a
decoder reconstructs the original video x = D(Zy).

Dual-stream generation. The user first provides the object motion {r£**}L
in the canonical frame. The first 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:
M = {Iv Cl? {Tican}}v Ctar = {Ia {07}7 w}a

where C is the identity first-frame camera pose, and @) denotes empty motion.
In the following, we assume paired training data: a ground-truth video x*"
with object motion only and a corresponding video x** with both object and
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camera motion. Extensions to other data are described in Sec. 3.3 and Sec. 3.4.
We add independent noise at the same timestep ¢ to obtain z{*" and z{*", concate-
nate the two latents along the temporal dimension, and jointly denoise them. We
slightly modify the positional embedding to distinguish the streams, with details
in the supplement. Thus, the streams share DiT weights and differ only in input
and conditioning, exchanging information through self-attention. During infer-
ence, they are jointly denoised; we return the target-stream output x = D(z{"),
while the canonical stream acts as a “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 [35] and warp the first image I using the
corresponding camera pose and estimated depth [47]. We then encode the warped
frames via encoder £ from VAE and obtain the latent z¢®™ ¢ RT*HxWxd For
the canonical stream, we use the identity matrix for warping.

Motion encoding. Following [23], 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 ef™® ¢ RT*HxWxd Eqy
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:
£ £ 4 Weam 209 + Wi ePPX, G e {can, tar}. (2)

The features from the two streams are then concatenated and passed through
the self-attention layer:

[ fcan; ftar } = SelfAttn( [ fcan; ftar ] ) ’ (3>

allowing target-view tokens to attend to motion-conditioned canonical tokens
and vice versa, implicitly exchanging the motion information in latent space.
This inject-then-synchronize repeats at every block, progressively transferring
motion across views, as shown in Fig. 2.

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 Fig. 3: Active vs. passive motion.
the given actions, and vice versa. The active object (hand) initiates
To model this, we decompose the motion the action, while the passive object
tracks of all foreground objects T = {7;}2_, (cloth) responds.
into two complementary components as shown in Fig. 3: 7; = 72* U7*®, where
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Fig. 4: Data curation pipeline. Foundation models [29,35,59] extract depth, camera
poses, and tracks from raw videos. A VLM [4] segments tracks into active/passive
regions. We further optionally use a video-to-video model [20] to generate paired videos
with the same object motion but different camera motions.

T2 captures active motion, the intentional action applied to the scene (e.g., a
hand pushing), and 7 captures passive motion, the resulting reaction of other
objects (e.g., the pushed object sliding). Such causality is critical for applications
such as embodied AI [9,18,27].

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

- TiaCtv g < pa
Ti=q , (4)
7P%,  otherwise,

where ¢ is sampled from a uniform distribution 2/(0,1), p is the dropout proba-
bility and 7; is used as tracking condition to video model.

During training, we do not distinguish active and passive motion in the in-
put, relying on the model to infer the dropped component and generate plausible
videos. This asymmetric supervision encourages learning action-consequence re-
lationships instead of replaying provided trajectories.

At inference, the learned causality supports forward reasoning (action — re-
action), where users specify an action and the model predicts consequences, and
inverse reasoning (reaction — action), where users prescribe an outcome and the
model synthesizes a plausible driving action. We demonstrate both in Sec. 4.4.

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. 4.
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Motion extraction and canonicalization. Given a video x, we estimate
per-frame depth maps {D;}, camera poses {C;}, and intrinsics K using ViPE [35],

and extract dense pixel trajectories 7 = {;}7_; with AllTracker [29]. Each tra-
jectory is unprojected to 3D and reprojected into the first frame:
T = n(K, Co cla YK, =, D;)), (5)

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

Active and passive motion decomposition. For the given video, we prompt
a vision-language model (Qwen3 [4]) to identify the active and passive objects,
then segment the first frame with SAM2 [59], yielding masks M?" and MP?s,
for active and passive objects, respectively. Trajectories are assigned to each
component by mask membership, producing 7632t and 7%P25 for the mo-
tion 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 train-
ing. Specifically, we first curate the videos whose cameras are static by checking
the displacement of camera poses estimated from ViPE [35]. We then synthe-
size corresponding moving-camera videos using a camera-control video-to-video
model [19], providing supervision for the second stream. To increase camera di-
versity, 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. 3.1 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 Sync-
CamMaster [3] 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 com-
plementary dropout strategies to encourage the model learn the motion causality.
Multi-granularity motion dropout. Per Eq. (4), we randomly retain either

T8 or 7P3 to encourage causal reasoning. We further obtain multi-granularity
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trajectories by averaging per-pixel trajectories within each patch. During train-
ing, 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 trajecto-
ries (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;}1_;. We further perform occlusion-aware masking by approx-
imating visibility ordering from the first-frame depth. The model then jointly
denoises both streams, with the second stream being presented to the user.

4 Experiments

4.1 Implementation Details

We build upon the pretrained Wan2.1-14B [66] and fine-tune only the camera
encoder, trajectory encoder, and self-attention layers. The trajectory embedding
dim 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 [52]
with a learning rate of 3 x 107° 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 build our training data
from large-scale public video datasets, including Panda-70M [13] and Wild-SDG-
1M [35]. From these sources, we collect 76K static-view videos, from which we
synthesize 43K paired dynamic-view videos using camera-controlled video-to-
video generation, and 3.4K synthetic interaction videos from SyncMaster [3]. 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. More implementation details are presented in supplement.

4.2 Experiment Settings

Evaluation metrics. We evaluate our model across four different aspects: Video
quality: PSNR and SSIM against reference videos, and FID [32] and FVD [65] for
distribution-level similarity. Camera accuracy: rotation and translation errors |2,

,30] between reference poses and poses estimated from generated videos using
ViPE [35]; we report median errors across frames to mitigate estimation noise.
Motion accuracy: end-point error (EPE) [15,23], the ¢ 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 [5], both 5-
point scores normalized to [0, 1]. All evaluations are conducted at 480p resolution.
Evaluation Datasets. We evaluate on three datasets spanning diverse in-
teraction scenarios. DynPose-100K [61] is an in-the-wild dataset with highly
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Fig. 5: Disentangled camera-object control. MoRight controls object motion and
camera viewpoint. Rows 1-3 fix the camera and vary object motion (rows 1-2: forward;
row 3: inverse), while rows 4-6 fix object motion and vary camera motion.

dynamic camera motion; we manually select 50 videos exhibiting strong view-
point changes and clear object interactions. WISA [69] is a large-scale physical-
dynamics dataset; we select 50 videos from categories including collision, defor-
mation, elasticity, liquid, and rigid-body motion. We 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 [15, 23, 67] 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 controllable video generation methods:
base model Wan2.1 [66], Gen3C [60] for camera control, and motion-conditioned
models MP [23], ATI [67], and WanMove [15] using dense pixel tracks. For fair-
ness, we retrain Gen3C and MP in our setup, with all methods sharing the
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Fig. 6: Qualitative comparison of ATI [67], WanMove [15], and MoRight
on interactive motion generation with camera control. All methods use the same in-
put 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 [61] and Cooking.
We compare models with camera and object motion control. Tracking-based methods
(MP, ATT, 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 infoPSNR 1SSIM tRot |Trans J|EPE |PSNR 1SSIM 1Rot |Trans J|EPE |
Wan2.1 [66] X 11.23 0.435 - - = 14.23 0.527 - - =
Gen3c* [60] X 12.45 0.507 5.46 4.09 - 15.37 0.613 1.97 10.03 -
MP* [23] v 11.72 0.455 6.76 6.04 7.56 15.68 0.564 2.50 12.24 4.25
ATI [67] v 13.18 0.493 5.62 6.54 843 1593 0.582 4.25 16.94 5.87
WanMove [15] v 13.91 0.521 4.12 3.56 8.05 16.42 0.589 2.93 13.27 5.47
Ours X 12.30 0.457 4.55 4.61 7.64 16.44 0.594 2.16 10.11 4.27

Wan2.1-14B backbone. We evaluate on DynPose-100K [61] and Cooking, using
future-frame pixel-space EPE for motion accuracy.

Results. Quantitative results are provided in Tab. 1, with controllable results in
Fig. 5, qualitative comparisons in Fig. 6. On DynPose-100K [61], WanMove [15]
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 at-
tains 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 [67] and WanMove [15], which couple camera and object mo-
tion in a single tracking signal, tend to favor the dominant motion mode in highly
dynamic settings—sometimes sacrificing camera accuracy or object tracking fi-
delity. On the Cooking benchmark, our method achieves the best overall per-
formance in both visual quality and motion control accuracy. More controllable
generation results and qualitative comparisons are provided in the supplement.

4.4 Motion Causality Modeling

Setup. We evaluate the causality of modeling motion on WISA [69] and Cook-
ing, measuring both generation quality (FID, FVD) and motion realism (PC,
SA). We compare with MP* [23], ATI [67], and WanMove [15], all 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 gener-
ate plausible interaction outcomes. Baseline methods use their original prompts
containing both motion descriptions and expected consequences. Our model re-
ceives 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
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Table 2: Interactive motion generation on WISA [69] and Cooking. We com-
pare 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 com-
monsense 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 Full info FID| FVD | PCt SA+t FID| FVD | PC1 SA 1
MP* [23] v 57.29 97594 0.75 0.82 43.49 759.53 0.87 0.89
ATI [67] v 69.80 990.82 0.75 0.83 55.80 881.94 0.85 0.90
WanMove [15] v 61.34 1088.23 0.73 0.83 53.51 882.90 0.84 0.87
Ours X 52.95 876.03 0.76 0.82 39.94 730.46 0.88 0.89

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 con-
taining 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 (ac-
tion — 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. More qual-
itative visualizations are shown in the supplement.

4.5 Human Perceptual Evaluation

We conduct a human study on 30 test examples to assess controllability, mo-
tion realism, and photorealism. Videos are shown in random order, and partici-
pants select the best result for each criterion, with ties and None allowed. After
filtering unreliable responses, we obtain 330 evaluations per criterion from 11
participants. As shown in Fig. 8, our method is preferred in 53.5%, 54.6%, and
55.9% of cases for controllability, motion realism, and photorealism, outperform-
ing ATT [67] and WanMove [15]. Notably, while these baselines use privileged full
3D trajectories, our method relies only on first-frame active trajectories, demon-
strating the benefit of disentangled interaction reasoning.

4.6 Ablation Studies

We ablate model design, training strategies, and input conditions in Tab. 3.

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
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active active

active

passive

passive

passive

Fig. 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).

the camera. However, this approach introduces error accumulation between two
stages, yielding larger control errors. W/o fized-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/o mized 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, 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.

4.7 Limitation

Despite promising results, our method has several limitations, as detailed in the
supplement. It may produce incorrect interaction reasoning, unnatural motion
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User Preference by Metric
ATl mEs WanMove mEm ours None

Controllability Motion Realism Photorealism

o 53.5% 54.6% 55.9%

Preference (%)

ATI WanMove ours None ATl WanMove ours None ATI WanMove ours None

Fig. 8: Human perceptual evaluation. Across 330 responses from 11 participants,
our method is preferred in controllability, motion realism, and photorealism, outper-
forming ATI [67] and WanMove [15].

Table 3: Ablation of motion controllability and reasoning on the Cooking
benchmark. We ablate architectural choices, causal reasoning, hybrid training, and
different motion input granularities. Our full model achieves the best overall perfor-
mance 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|] FVD| PSNR 1 SSIM 1 Rot] Trans]| EPE | PC1 SA 1
cascaded 41.74 728.80 15.98 0.569  2.69 11.50 5.06 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  15.55 0.562  2.88  12.49 5.05 0.87 0.88
w/o mixed training 41.94 808.96  16.29 0.583 2.22 1280 4.09 0.87 0.89
ours (coarse) 39.83 725.88 16.45 0.594 2.21 10.98 437 0.88 0.88
ours (passive) 44.20 838.67  15.99 0.588 2.21 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

under sparse trajectories, physical inconsistencies such as disappearing objects,
or hallucinated content in later frames. The model also struggles with very com-
plex or fast camera motion, where interaction dynamics may degrade.

5 Conclusion

We present MoRight, a unified framework for controllable, interaction-aware
video generation. MoRight tackles entangled camera-object motion with a dual-
stream design for independent trajectory and viewpoint control, and improves
causal reasoning by decomposing motion into active and passive components to
learn action-response dynamics. At inference, MoRight supports forward predic-
tion from active motion and inverse reasoning from desired passive outcomes.
Experiments on DynPose-100K, WISA, and Cooking demonstrate strong gener-
ation quality, motion control, and interaction awareness.
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