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Figure 1: Camera and object control from a single image. Top: the image is lifted into a back-
ground point cloud and complete rigid 3D geometry for each object, in which the user draws the
object and camera trajectories and, optionally, inserts a new object from a reference image. Bottom:
4Director generates videos that follow both trajectories, with plausible object motion, consistent ap-
pearance and illumination, and the background revealed by the camera filled in.

ABSTRACT

Precise control over camera and object motion is essential for professional video
production. Existing methods control objects only coarsely, through image-plane
cues that are ambiguous in depth and rotation or through 3D tracks and blobs
that lack complete geometry and lose consistency across viewpoint changes. We
introduce 4Director, a video world model conditioned on an explicit 4D scene
representation: each object is reconstructed once from the input image as a
canonical mesh and moved by one prescribed rigid transformation per frame.
This representation provides an intuitive 3D control interface and prevents un-
observed geometry from being regenerated independently in every frame. We
render the controlled scene as a depth video and introduce a Motion Adapter that
transforms this geometric scaffold into video while synthesizing view-consistent
appearance, illumination, and non-rigid dynamics. For training, we construct
RealCOD-Rigid, a new dataset of 20,774 clips annotated with rigid 3D scenes
by our automatic pipeline. We further introduce Identity-Gated IoU (IG-IoU),
which jointly evaluates adherence to prescribed object motion and preservation of
object identity. Experiments demonstrate that 4Director consistently outperforms
prior methods in visual quality and in camera and object control. Project page:
https://stability-ai.github.io/4director/.
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Method
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position

Object
orientation

Complete
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insertion

MotionCtrl (Wang et al., 2024d) ✓ ✓p ✗ ✗ –
Perception-as-Control (Chen et al., 2025b) ✓ ✓ ✗ ✗ –
SymphoMotion (Zhang et al., 2026) ✓ ✓ ✓p ✗ –
VerseCrafter (Zheng et al., 2026) ✓ ✓ ✓p ✗ –

4Director (ours) ✓ ✓ ✓ ✓ ✓

Figure 2: Control representations. Top: given an input image and an object trajectory (a 180◦

turn in place), we compare four control signals: a 2D bounding box, a 3D Gaussian blob, 3D
point trajectories, and our rigid 3D geometry. Bottom: capabilities of the compared representations
(✓ supported, ✓p partial, ✗ not supported, – not stated in the paper).

1 INTRODUCTION

A director stages a shot by designing the trajectories of the camera and every actor, and leaves how
an actor walks or how the light falls to the cast and the crew. We develop 4Director, a video world
model (Bruce et al., 2024; Decart et al., 2024; Alonso et al., 2024) with the same principle: the user
prescribes the trajectory of each object and the camera in 3D (Fig. 1), and the generator supplies the
non-rigid dynamics, appearance and illumination along them.

Existing controls fall short of such trajectories in one of two ways: image-plane cues are ambiguous
in depth and rotation, and 3D controls carry incomplete object geometry. Image-plane cues such as
dragged paths, bounding boxes, masks, or point tracks (Yin et al., 2023; Wang et al., 2024b; Zhang
et al., 2025c; Zhou et al., 2025a; Geng et al., 2025; Wang et al., 2024d) state where an object appears
in each frame, but one projection is consistent with many 3D motions: a box does not determine the
orientation of the object, a shrinking box does not distinguish an object moving away from one
becoming smaller, and a 2D path conflates camera parallax with object motion (Fig. 2). 3D-aware
controls avoid this ambiguity with rigid trajectories or 3D boxes (Fu et al., 2025; Shuai et al., 2025;
Wang et al., 2025d), or with proxies lifted from the input, such as tracked 3D points (Zhang et al.,
2026), spheres on tracked parts (Chen et al., 2025b) and one 3D Gaussian blob per object (Zheng
et al., 2026). Their geometry, however, is incomplete: a trajectory or box carries no surface, and a
lifted proxy captures only the visible shell of the object and has no geometry for regions that a turn
or a new viewpoint brings into view (Fig. 2, Gaussian and point panels); point-based proxies are,
moreover, driven by per-point trajectories, which are cumbersome to author one by one.

To address both shortcomings, we propose 4Director, a video world model driven by an explicit 4D
scene representation. Every object is a complete canonical mesh, reconstructed once and moved by
one rigid transformation per frame. The meshes, a background point cloud and the camera share one
coordinate frame. Explicit 3D space removes the ambiguity of image-plane cues and gives the user
a direct interface: a turn is a rotation, motion in depth is a displacement rather than a change of size.
Complete geometry removes the limitation of lifted proxies: the mesh has a surface on every side,
so the geometry that a turn or new viewpoint reveals is rendered rather than regenerated (Fig. 2).
And one rigid transformation moves the whole object without per-point trajectories.

We render the scene to a depth video in which every object moves as a single rigid body. We
design a Motion Adapter, a trainable branch that injects this rigid rendering into a pretrained video
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generator (Wang et al., 2025a). To train it, we build an automatic annotation pipeline that recovers
the rigid 3D scene of a monocular clip, and run it on RealCOD-25K (Zhang et al., 2026) to construct
RealCOD-Rigid, a dataset of 20,774 annotated clips. The adapter is trained to generate each clip
from its rigid rendering, and so learns to supply what the rendering lacks: appearance, illumination,
non-rigid dynamics and the background that a camera move reveals.

Since 4Director is capable of generating videos with explicit control on the objects and camera,
we evaluate 4Director on visual quality, object control, and camera control. For visual quality, we
employ standard metrics as well as a user study. Camera control is evaluated with the standard
trajectory error. Object control lacks a comparable metric: mask IoU alone rewards correct place-
ment regardless of identity. We therefore introduce Identity-Gated IoU (IG-IoU), which accumulates
mask IoU only over frames in which the object’s identity is preserved. From our evaluations, we
find that 4Director outperforms prior methods on all three criteria. Our contributions are as follows:

• We introduce an explicit 4D scene representation with complete object geometry and per-
frame rigid transformations that holds the camera and every object in one coordinate frame,
resolving the ambiguity of image-plane cues and the incomplete geometry of lifted proxies.

• We present the Motion Adapter, a trainable branch that drives a pretrained video generator
with the rendered rigid scene, so that the geometry fixes the camera and object motion
while the generator supplies appearance, illumination and non-rigid dynamics.

• We introduce RealCOD-Rigid, a dataset of 20,774 clips annotated with complete object
meshes, per-frame rigid transformations and camera trajectories by an automatic pipeline,
and Identity-Gated IoU, a metric that scores object control only where identity is preserved.

• Experiments and a user study show that 4Director outperforms state-of-the-art methods in
visual quality, camera control, and object control.

2 RELATED WORK

Video world models. World models roll out future observations (Ha & Schmidhuber, 2018; LeCun,
2022; Hafner et al., 2023; Cao et al., 2025b); diffusion and transformer backbones now produce
realistic rollouts conditioned on actions, text or a camera path (Blattmann et al., 2023; Bruce et al.,
2024; Parker-Holder et al., 2024; 2025; Decart et al., 2024; Alonso et al., 2024; Agarwal et al., 2025;
Alhaija et al., 2025; Hu et al., 2023; Che et al., 2025; Yu et al., 2025b; He et al., 2025b; Li et al.,
2025a; Ma et al., 2024b; Ji et al., 2026), and extend the horizon with memory (Henschel et al., 2025;
Qiu et al., 2023; Po et al., 2025; Yu et al., 2025a; Xiao et al., 2025; Li et al., 2025c; Wu et al., 2025a;
Chen et al., 2026; Duan et al., 2026; Sun et al., 2025; Hong et al., 2025). A geometry-aware line,
including DeepVerse (Chen et al., 2025a), Voyager (Huang et al., 2025), Yume (Mao et al., 2025)
and Aether (Zhu et al., 2025), adds reconstructed 3D structure for consistent exploration (Sun et al.,
2024; Team et al., 2025; Yang et al., 2025). Their control, however, is expressed as text, actions
or camera tokens, through which the motion of individual objects cannot be prescribed. 4Director
instead exposes the scene itself: an explicit 4D scene representation edited before generation, with
complete object meshes, one rigid transformation per frame and the camera in one coordinate frame.
We therefore use the term world model, as VerseCrafter (Zheng et al., 2026) does, for a generator
whose output follows an explicit, editable scene state rather than an interactive rollout.

Camera control. Pose conditioning, as Plücker rays (He et al., 2024; Sitzmann et al., 2021; Zhou
et al., 2025b; Feng et al., 2024a; Li et al., 2025d; Wang et al., 2025f), epipolar attention (Xu et al.,
2024), conditioning at chosen layers (Bahmani et al., 2025; 2024) or multi-view and reference-driven
control (Kuang et al., 2024; Bai et al., 2024; He et al., 2025a; Luo et al., 2025; Zheng et al., 2024),
says nothing about what the new view should contain. A second line renders lifted geometry along
the target path: a colored point cloud (Yu et al., 2024), a cached 3D scene (Ren et al., 2025), warped
geometry with its holes repaired (Hou et al., 2024; Yu et al., 2025c; Song et al., 2026; Popov et al.,
2025; Hu et al., 2025), a source video re-rendered along a new path (Van Hoorick et al., 2024; Zhang
et al., 2024; Bai et al., 2025a; Cao et al., 2026), a point cloud with a human body (Cao et al., 2025a),
or depth maps for a world model (Alhaija et al., 2025), injected through a branch such as ControlNet
or VACE (Zhang et al., 2023; Jiang et al., 2025). Lifted geometry covers only what the reference
view saw, so what a camera move reveals is hallucinated anew in each frame, although complete
shapes are available from image or 4D generation and reconstruction (Li et al., 2026; Voleti et al.,
2024; Xie et al., 2025; Yao et al., 2025; Zhang et al., 2025b; Wu et al., 2025b; 2022; Cao et al., 2024;
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Tang et al., 2026). In contrast, 4Director reconstructs every object as a complete mesh, so the object
geometry that a camera move reveals is rendered rather than regenerated, and its Motion Adapter
learns to supply appearance, illumination and non-rigid dynamics on top of fixed geometry.

Object control. Image-plane cues, from dragged paths to tracked points and boxes, state where an
object should appear (Wang et al., 2023; Yin et al., 2023; Ma et al., 2024a; Zhang et al., 2025c;
Zhou et al., 2025a; Wang et al., 2024b; Geng et al., 2025; Shi et al., 2024; Niu et al., 2024; Jain
et al., 2024; Qiu et al., 2024; Li et al., 2025b; Wu et al., 2024; Xing et al., 2025; Burgert et al., 2025;
Wang et al., 2025b; Chu et al., 2025); several systems add a camera module (Yang et al., 2024;
Feng et al., 2024b; Lei et al., 2024; Li et al., 2025e; Zheng et al., 2025), MotionCtrl among them,
with camera extrinsics and 2D object trajectories (Wang et al., 2024d). Moving the control into 3D,
as a depth-augmented trajectory (Wang et al., 2025c; 2024c), a 6-DoF pose (Fu et al., 2025; Shuai
et al., 2025; Liang et al., 2025), a 3D box (Wang et al., 2025d) or a coarse reconstruction in a 3D
engine (Zhang et al., 2025d), fixes the 3D position, and all but the trajectory also fix orientation. The
closest methods lift a proxy of the object from the source and render it with the camera: Perception-
as-Control places spheres on tracked parts (Chen et al., 2025b), SymphoMotion (Zhang et al., 2026)
and Diffusion as Shader (Gu et al., 2025) render 3D point tracks over a point cloud, and VerseCrafter
moves one 3D Gaussian per object beside a background cloud (Zheng et al., 2026). Image-plane
cues do not fix depth and rotation, 3D poses and boxes carry no surface, lifted proxies carry only the
visible shell, and point-based ones are driven by per-point trajectories. In contrast, 4Director moves
a complete canonical mesh by one rigid transformation per frame, so that position, orientation and
the revealed surface are fixed before generation and one trajectory moves the whole object.

3 METHOD

We study camera and object control from a single image: given an image, a text prompt, a camera
trajectory {Et}Ft=1, and a rigid trajectory {Tt

o}Ft=1 for each object o that the user marks in the
image, our goal is to synthesize a video of F frames that starts from the image, follows the camera
trajectory and moves each object along its trajectory, with its identity preserved and plausible non-
rigid dynamics. Here Et is the world-to-camera matrix of frame t and Tt

o = (Rt
o, t

t
o) ∈ SE(3) the

rigid transformation of object o from its placement in the image to frame t (Fig. 3).

3.1 RIGID 3D GEOMETRY CONTROL

Rigid 3D geometry. We first lift the input image into 3D. MoGe-2 (Wang et al., 2025e) estimates
its depth and intrinsic matrix K, and SAM 2 (Ravi et al., 2025) turns the user’s clicks on each object
into a mask. The camera of the image defines the reference frame (E1 is the identity), in which
two kinds of geometry are built. The background, the image outside the masks, is back-projected
into a static point cloud P . Each marked object is reconstructed by Pixal3D (Li et al., 2026) into a
complete canonical mesh Mo, with the sides the image does not show, and aligned to its mask and
depth. Background, camera, and objects thus share one coordinate frame.

Camera and object trajectories. The user prescribes the trajectories in this frame by keyframes
in a 3D viewer. Object o moves as a whole by Tt

o, with T1
o the identity, so that at frame t it is the

placed mesh
Mt

o = {Rt
o v + tto | v ∈ Mo}, (1)

and the camera moves by Et. The scene thus carries only rigid motion. A new object can be inserted
as a mesh reconstructed from a separate image and given a trajectory in the same way; its textured
mesh is rendered into the input image, which then serves as the first frame. Altogether, the rigid 3D
scene is the tuple

S =
(
P, {Mo}, {Tt

o}, K, {Et}
)
, (2)

in which P , the meshes and K are constant and only {Tt
o} and {Et} vary in time.

Depth rendering. For each frame, P and the placed meshes {Mt
o} are projected with (K,Et) into

a depth map, in which each pixel takes the depth of the nearest surface and pixels without geometry
are empty. The resulting depth video C is the control. It carries only the viewpoint, the rigid
transformation of every object and their occlusion; appearance, illumination, non-rigid dynamics
such as the movement of a walker’s limbs, and the background beyond what the image shows are
absent, and supplying them is the task of the Motion Adapter.
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Figure 3: Overview of 4Director. Left: each object is reconstructed once as a complete canonical
mesh and moved by one rigid transformation per frame; the meshes, a background point cloud and
the camera share one coordinate frame, in which the user prescribes the trajectory of each object
and the camera, and the scene is rendered to a depth video (Sec. 3.1). Right: the Motion Adapter,
a trainable branch, injects this rigid rendering into a pretrained video generator, which supplies
appearance, illumination and non-rigid dynamics (Sec. 3.2); it is trained on RealCOD-Rigid (Sec. 4).

3.2 MOTION ADAPTER

Architecture. We build on Wan2.1-VACE-14B (Wang et al., 2025a; Jiang et al., 2025), a latent
video diffusion transformer whose VAE, umT5 (Chung et al., 2023) text encoder and DiT serve as a
generic video prior and are left unchanged. The Motion Adapter is a DiT-style branch that follows
the context-branch design of VACE: as shown in Fig. 3 (right), the VAE encodes the depth video C
and the input image into a context stream, which eight context blocks, one for every fifth DiT block,
propagate with cross-attention to the prompt and inject into the DiT as linearly projected hints.

Training. Each training pair is built from one original clip (Sec. 4): the control video rendered from
the clip’s recovered rigid 3D scene is the condition, and the clip is the target to be generated; its first
frame is the input image and its text description is the prompt. The control video contains the rigid
part of each object’s motion but not the non-rigid part. A surface point i of object o is observed at

Xt
i = Rt

o Yi + tto + rti, (3)
where Yi is its position on the canonical mesh, the first two terms are the rigid motion of the object,
and the residual rti is its non-rigid motion, such as a swinging limb; only the first two terms enter the
control video. To generate the clip, the adapter must therefore follow the rigid geometry and let the
generator supply what the control omits: the non-rigid motion, with appearance and illumination.

The adapter is trained with the standard flow-matching objective. Let z be the latent of the clip and
zk = (1− σk) z+ σk ϵ its noised version at timestep k, with Gaussian noise ϵ. The model predicts
the velocity ν(zk, k;C) from zk, C, the image and the prompt, and the adapter minimizes

Ez,k,ϵ

[
λk

∥∥ν(zk, k;C)− (ϵ− z)
∥∥2
2

]
, (4)

where λk weights the timesteps.

Inference. At inference, the scene built from the input image and directed by the user is rendered to
its control video C, and the adapter generates the video from C, the image and the prompt. Since
the adapter sees the scene only as a depth video, a directed scene is treated exactly like a recovered
one: new trajectories and inserted objects require no additional training (Fig. 1, Appendix H).

4 THE REALCOD-RIGID DATASET

Training the Motion Adapter requires clips paired with their rigid 3D scenes, which no dataset
provides and which cannot be annotated by hand at scale. We therefore recover the rigid 3D scene
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Figure 4: RealCOD-Rigid annotation pipeline. From each clip we estimate object masks, depth,
and the camera trajectory, which together give a dynamic 4D point cloud of the scene (4D Point
Cloud – Dynamic); we reconstruct a canonical mesh for every masked object from the first frame
(First Frame to 3D) and track 3D points on it as a rigid body (Rigid Body Tracking), which yields
one rigid transformation per frame and aligns the canonical mesh to every frame (4D Point Cloud –
Rigid 3D Geometry), giving the rigid 3D scene. Rendering it to a depth video yields the control; the
original clip is the training target, with its text description as the prompt.

of each clip automatically. Starting from the clips of RealCOD-25K (Zhang et al., 2026), each with
a text prompt and SAM3 masks for one or two objects, the pipeline lifts the first frame into 3D as
in Sec. 3.1 and then tracks the camera and every object through the clip; the 20,774 clips that pass
every stage and are not used for evaluation form RealCOD-Rigid. It has four stages (Fig. 4).

(1) Camera and depth estimation. MegaSaM (Li et al., 2025f), with MoGe-2 (Wang et al., 2025e)
as depth prior and UniDepthV2 (Piccinelli et al., 2025) as metric branch, estimates per-frame depth,
the intrinsic matrix K and the camera trajectory {Et}; its coordinate frame, of arbitrary scale, is the
scene frame of the clip. The background point cloud P is the first frame back-projected into this
frame with the object masks removed.

(2) First frame to 3D. Pixal3D (Li et al., 2026) reconstructs the canonical mesh Mo from the
object’s crop in the first frame. Pixal3D is pixel-aligned, so every visible mesh point comes with the
first-frame pixel it was reconstructed from, and the depth of stage (1) places that pixel in the scene.
A robust similarity fit (rotation, translation and scale) on these pairs moves the mesh onto the object
at t = 1, which defines T1

o as the identity.

(3) Rigid body tracking. TAPIP3D (Zhang et al., 2025a) tracks 3D points on each object through
the clip in the scene frame, seeded inside the object’s mask; these tracks are the observations Xt

i
of Eq. (3). Every frame needs the rigid transformation that moves the object from its first-frame
placement to where the tracks observe it. Not every track moves rigidly: a limb swings and some
tracks drift, and a plain fit would follow them. We therefore find the object’s stable core Ωo, the
tracks that move together rigidly across the clip, by alternating a robust fit with the selection of its
inliers, and fit each frame on the core alone,

(Rt
o, t

t
o) = argmin

R, t

∑
i∈Ωo

ρ
(
∥RYi + t−Xt

i∥
)
, (5)

with Yi the position of track i at t = 1 and a robust loss ρ.

(4) Depth rendering. Placing each mesh by its rigid transformation completes the rigid 3D scene
of the clip. Where the per-frame depth of stage (1) still shows a limb swinging, this scene moves
each object as one rigid body. Rendering it gives the control video (Sec. 3.2).

5 EXPERIMENTS

5.1 SETUP

Implementation details. We initialize the Motion Adapter (3.0 B parameters) from the released
VACE branch, perturb its attention and feed-forward matrices once, and train all of it on the 20,774
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Table 1: Quantitative comparison on joint camera and object control. (a) Visual quality and text
alignment (FID, FVD, CLIP-SIM), camera control (RotErr, TransErr) and object control (recog-
nition rate, IG-IoU). Best bold, second best underlined. (b) Identity-Gated IoU on one frame: a
vision–language judge decides whether the generated object is still the same object; a valid frame
contributes its mask IoU and an invalid frame zero (Eq. 6).

Visual quality / text Camera control Object control

Method FID FVD CLIP Rot. Trans. Rec. IG-IoU
↓ ↓ ↑ (◦) ↓ ↓ ↑ ↑

MotionCtrl 115.6 1653.3 27.5 4.74 0.231 32.6 18.8
PaC 55.7 1454.6 30.2 7.00 0.228 80.5 40.8
VerseCrafter 55.0 484.7 31.7 6.16 0.174 94.8 54.8
SymphoMotion 45.8 405.4 30.9 3.89 0.132 90.2 52.9

4Director 44.1 370.4 31.8 3.65 0.122 94.9 60.4

(a) Quantitative comparison

Ground Truth Frame Generated Frame

Structure OK? Same Identity?

OverlapGeneratedGT

Valid / InvalidVLM

(b) Identity-Gated IoU

Table 2: VBench-I2V and user study. VBench-I2V scores on the eight applicable dimensions (per-
cent) and mean user ratings of visual quality, control accuracy and consistency (1 to 5, Sec. 5.3). 4Di-
rector leads on every dimension; VBench margins over the next best stay within 2 points, whereas
the user study separates them clearly. Best bold, second best underlined.

VBench-I2V User study (1–5)

Method Subject Background Motion Dynamic Aesthetic Imaging I2V I2V Quality Control Consistency
consistency consistency smoothness degree quality quality subject background ↑ ↑ ↑

MotionCtrl 70.8 84.3 92.9 94.0 43.8 45.7 81.6 84.2 1.49 1.44 1.79
PaC 90.0 91.6 95.1 93.0 55.0 61.6 92.4 92.5 1.98 2.01 2.41
VerseCrafter 88.9 91.9 98.7 91.0 56.7 64.2 96.0 96.8 3.69 2.39 3.88
SymphoMotion 89.5 91.4 98.5 91.0 54.8 59.1 95.4 96.7 3.35 2.33 3.69

4Director 90.3 92.0 98.8 96.0 57.0 64.6 96.3 97.0 4.62 4.82 4.69

pairs of RealCOD-Rigid at 832 × 480 and 81 frames for three epochs on 24 GPUs with a global
batch of 24, using AdamW with a peak learning rate of 5×10−5 and 25 warmup steps. At inference
we use 20 sampling steps and a classifier-free guidance scale of 5.0 for every case.

Baselines. We compare against four public methods for joint camera and object control: MotionC-
trl (Wang et al., 2024d), Perception-as-Control (PaC) (Chen et al., 2025b), SymphoMotion (Zhang
et al., 2026) and VerseCrafter (Zheng et al., 2026), each with its released weights, resolution and
clip length. To compare fairly, we give every method the same motion to follow: the camera trajec-
tory and object motion recovered from each evaluation clip are converted into whatever control each
baseline expects, from 2D trajectories to 3D Gaussians.

Metrics. All methods are evaluated on the same 100 clips of RealCOD-25K that are excluded from
training, with joint camera and object motion, using four groups of metrics. (1) Visual quality:
FID (Heusel et al., 2017), FVD (Unterthiner et al., 2018) and the eight dimensions of VBench-
I2V (Huang et al., 2024) that apply to our videos. (2) Text alignment: CLIP-SIM (Radford et al.,
2021). (3) Camera control: following CameraCtrl (He et al., 2024), the rotation error (RotErr) and
relative translation error (TransErr) between the target trajectory and the one re-estimated from the
generated video with the pipeline of Sec. 4. (4) Object control: Identity-Gated IoU, defined next.

5.2 IDENTITY-GATED IOU

Mask IoU against the source clip’s object masks measures whether the generated object is placed
where the trajectory prescribes, but it also rewards an object that is correctly placed and no longer the
same object. Identity-Gated IoU (IG-IoU) credits placement only where identity is preserved. Each
video is scored on the same N = 16 frames, spaced uniformly over the frames in which the object
is visible in the source clip. Let MaskIoUf denote the intersection over union of the generated and
the reference mask in frame f . The identity gate vf ∈ {0, 1} is set by a vision–language judge that
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Figure 5: Qualitative comparison on joint camera and object control. For each clip, the top row
shows the input image and the prescribed trajectories, and the rows below show temporally aligned
frames from the four baselines, 4Director and the source video. Arrows mark the object heading,
green in the source and red in the generated videos. Only 4Director completes the turn of the source
video; the baselines keep the original heading, turn only partway, blur or lose the subject.

compares the generated crop with the reference crop (Wu et al., 2026): vf = 1 if the object is intact
and still the same object, and vf = 0 otherwise. We report

Recognition rate =
1

N

N∑
f=1

vf , IG-IoU =
1

N

N∑
f=1

vf MaskIoUf , (6)

averaged over the evaluation clips: a frame that fails the gate contributes zero but stays in the de-
nominator. Masks come from SAM3 (Carion et al., 2025) and the judge is Qwen3-VL (Bai et al.,
2025b) (Table 1b; protocol in the appendix). Because the reference mask is the object’s silhouette
at its true pose, MaskIoU also penalizes an orientation error that changes the silhouette; a 180◦ turn
of a front–back symmetric object is not penalized and is shown qualitatively (Figs. 2 and 15).

5.3 JOINT CAMERA AND OBJECT CONTROL

Quantitative comparison. As shown in Table 1a, 4Director achieves the best score on every metric.
(1) Visual quality and text alignment: it lowers FID by 3.7% and FVD by 8.6% relative to Sympho-
Motion, the next best on both, and matches VerseCrafter on CLIP-SIM. (2) Camera control: it
reduces the rotation error from 3.89◦ for SymphoMotion, the next best, to 3.65◦ and the translation
error by 7.6%, with the other three baselines clearly behind. (3) Object control, where the margins
are widest: IG-IoU rises from 54.8 for VerseCrafter, the next best, to 60.4, a 10.2% relative gain
at the same recognition rate (94.9 against 94.8). 4Director thus places the object more accurately
rather than keeping it recognizable more often, which we attribute to the complete mesh fixing its
extent and orientation, as a Gaussian blob or tracked points do not (Fig. 2); MotionCtrl, driven by
2D trajectories, keeps the object recognizable in only 32.6% of frames, so its IG-IoU drops to 18.8.

Qualitative comparison. Figure 5 shows two further clips in which the object turns while the
camera moves; the arrows mark its heading. Only 4Director turns the object as far as the source
video does. On the duck, Perception-as-Control and VerseCrafter keep the original heading, and
MotionCtrl and SymphoMotion turn it only slightly; on the tractor, SymphoMotion and VerseCrafter
turn it only halfway, and Perception-as-Control and MotionCtrl lose and blur it, respectively. The
tractor also passes behind the fence in the source video; 4Director reproduces this occlusion, whereas
SymphoMotion and VerseCrafter keep the tractor in front (see also Appendix E).

User study. To complement the automatic metrics, 20 participants rated the five methods on nine
cases from 1 to 5 on visual quality, control accuracy and consistency (protocol in Appendix G.2).
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Point Cloud

MotionCtrl

Perception-as-Control

SymphoMotion

VerseCrafter

Ours

Figure 6: Objects leaving and re-entering the view. Top left: the partial point cloud lifted from
the input image; the camel walks out of the camera’s view and comes back (blue arrows) while the
camera stays fixed. For each method, the upper row is the control it receives and the lower row the
video generated from it. Only 4Director shows the empty frame while the camel is away and then
brings the same camel back.

Rigid 3D Geometry (Ours)

3D mesh

Ground truth video

2D box

3D box

Control encodes Visual quality / text Camera control Object control

Control Depth Rotation Complete geometry FID ↓ FVD ↓ CLIP ↑ Rot. (◦) ↓ Trans. ↓ Rec. ↑ IG-IoU ↑
2D box 58.3 608.8 31.2 9.61 0.233 95.0 48.5
3D box ✓ ✓ 54.7 556.0 31.1 5.00 0.142 93.3 50.3
3D mesh ✓ ✓ 53.0 485.6 31.2 4.84 0.147 91.9 53.0

Rigid 3D geometry (ours) ✓ ✓ ✓ 44.1 370.4 31.8 3.65 0.122 94.9 60.4

Figure 7: Ablation on the control representation. Top: the source video and three alternative
controls, each shown as the control video above the video generated from it; arrows mark the mo-
torcycle heading, and only the rigid 3D geometry follows the prescribed turn. Bottom: what each
control encodes and its scores; the three arms are trained with the recipe of 4Director, and the last
row is 4Director as in Table 1a. Best bold, second best underlined.

As Table 2 shows, 4Director receives the highest rating on all three, 4.6 to 4.8 against at most 3.9
for the next best, with the largest margin on control accuracy (4.82 against 2.39).

5.4 OBJECTS LEAVING AND RE-ENTERING THE VIEW

We further evaluate a case in which an object moves out of the camera view and later returns (Fig. 6).
The model must then keep the identity of the object while it is not visible. In 4Director, each object
is a mesh with a trajectory defined at every frame, so the object is simply not rendered while it is
outside the view and is rendered again from the same mesh when it returns. As shown in Fig. 6,
4Director removes the camel from the frame while it is away, fills in the background it occupied, and
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brings back the same camel at the specified position. In contrast, MotionCtrl, SymphoMotion and
VerseCrafter keep the camel in the frame throughout, and Perception-as-Control fails to preserve its
shape when it returns.

5.5 ABLATION STUDY

Figure 7 replaces the rigid 3D geometry by three alternative controls. The 3D box and the 3D mesh
each drop one of their two ingredients: the 3D box keeps depth and orientation but has no surface,
and the 3D mesh keeps the complete surface but does not rotate. Dropping either lowers IG-IoU
from 60.4 to 50.3 without the surface and to 53.0 without rotation, while the recognition rate stays
between 91.9 and 95.0 for every control; the loss is thus mainly in placement, not identity. In the top
panel, only the rigid 3D geometry follows the prescribed turn: with the mesh that does not rotate,
the motorcycle ends up facing the camera instead of turning sideways, an orientation error that also
changes its silhouette. The 2D box, which encodes neither depth nor orientation, has the lowest
IG-IoU (48.5), and the four controls rank in the same order on FID, FVD, and IG-IoU.

6 CONCLUSION AND FUTURE WORK

We present 4Director, a video world model controlled with rigid 3D geometry: an explicit 4D scene
representation in which every object is a complete canonical mesh moved by one rigid transforma-
tion per frame, sharing one coordinate frame with the background and the camera. The Motion
Adapter injects a depth rendering of this scene, which carries the camera and the rigid motion of ev-
ery object, together with the input image into a pretrained video generator that supplies appearance,
illumination and non-rigid dynamics. To train the adapter, we built RealCOD-Rigid, a dataset of
20,774 real video clips whose rigid 3D scenes, with complete object meshes, per-frame rigid trans-
formations and camera trajectories, are recovered by an automatic annotation pipeline. To evaluate
object control, we introduced Identity-Gated IoU, which credits the mask IoU of a generated object
only in frames where the object keeps its identity. Experiments, ablations, and a user study show
higher visual quality and more accurate camera and object control than four state-of-the-art base-
lines. The representation, however, controls motion only at the level of a rigid body: an articulated
or deforming object moves as one whole, so finer motion such as running, jumping, or the movement
of the limbs cannot be prescribed and is decided by the generator, which may even keep a mostly
articulated object in its first-frame pose (Appendix F). Extending the rigid 3D scene with articulated
parts, so that such motion can be prescribed, is a natural next step.
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A IMPLEMENTATION DETAILS

A.1 RIGID 3D SCENE CONSTRUCTION

Camera and depth. The scene coordinate frame is produced by MegaSaM (Li et al., 2025f) cam-
era tracking, bundle adjustment and consistent-video-depth refinement, with MoGe-2 (Wang et al.,
2025e) as the monocular depth prior and UniDepthV2 (Piccinelli et al., 2025) as the metric-depth
branch. MegaSaM returns one intrinsic matrix per clip and one world-to-camera matrix per frame.
Metric cues enter only through MegaSaM’s per-frame alignment of the monocular disparity, and no
later stage rescales cameras, depth, or tracks; the result is a shared coordinate system, not a metric
reconstruction.

Object tracks. TAPIP3D (Zhang et al., 2025a) is run with its released checkpoint (16-frame win-
dow, stride 8) in a forward and a reversed pass so that tracks from later anchors extend back to the
first frame. Per object, eight anchor frames are spread over the clip and 128 farthest-point queries
are drawn inside the mask at each anchor, giving 1,024 queries per object. An observation is valid if
the tracker’s visibility score is at least 0.9, the point has positive camera-axis depth, and it projects
inside the object’s mask dilated by 2 px; a track is retained if at least 20% of its frames are valid.

Canonical mesh and alignment. Pixal3D (Li et al., 2026) receives the first frame cropped to a
square of side 1.1× the longer side of the mask’s bounding box, with the field of view derived
from the MegaSaM intrinsics, and returns a textured mesh (100k faces). Rendering the mesh in its
reconstruction camera pairs visible mesh points with first-frame pixels; one correspondence is kept
per pixel inside the mask, the mask is eroded by 1 px, and 20% of the 8× 8 pixel cells are withheld
from the fit. The similarity transform is a closed-form Umeyama fit with a median + 3MAD inlier
threshold. Residuals are normalized by the object diameter d, the extent of the correspondence
cloud. An object passes the 3D gate if the residual on the withheld correspondences has median
≤ 0.15, p90 ≤ 0.30 and p95 ≤ 0.50, and the silhouette gate if the placed mesh rasterized into

the first-frame camera has IoU ≥ 0.5 with the mask. A clip is complete only if every object passes
both gates; otherwise it is excluded from the training set.

Stable core. Per frame, Eq. (5) is solved with the Tukey loss as ρ and with track weights that
combine observation support, a body-center prior and a spatial-balancing factor, so that a densely
tracked region cannot dominate the pose. Per frame, a seeded RANSAC (threshold 0.035 d) followed
by Tukey-reweighted iterations (Tukey constant 0.05 d) updates the rotation by weighted Kabsch and
the translation by a robust geometric median. A track is stable if its weighted inlier fraction at 0.05 d
is at least 0.70 over frames with a valid fit, and it is observed in at least 30% of them; the core is re-fit
until the stable set repeats and must contain at least 30 tracks. If the core is too small or degenerate,
tracks are clustered by the invariance of their pairwise distances over time and the most rigid cluster
seeds the core.

A.2 RENDERING AND ENCODING

The background point cloud is the first-frame depth back-projected after removing the union of all
object masks dilated by 9 px. The background is rasterized as a splatted point cloud and each placed
mesh with one face per pixel, both with the same intrinsics and camera-axis depth Z. The front-most
entity at each pixel defines the depth Zt, and pixels covered by no entity are invalid. The 1st and
99th percentiles of 1/Zt are computed per entity over all frames, and [α, β] is their envelope over
entities, so that the range of a small near object is never clipped by the background. Because the
range is fixed per clip, a given depth maps to the same gray value in every frame. A valid pixel is
encoded as

Ct =
⌊
255 clip

(1/Zt − α

β − α
, 0, 1

)⌉
, (7)

and stored as 8-bit gray (near = 255, far = 0); invalid pixels receive the constant 128.
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A.3 MOTION ADAPTER

Context stream. The adapter follows the conditioning branch of Wan2.1-VACE-14B (Wang et al.,
2025a; Jiang et al., 2025) in architecture and is initialized from its released weights. The VAE
encoding of the control video is paired with an all-ones mask that marks every pixel for synthesis,
and the encoding of the input image is prepended along time; the eight context blocks share the
architecture of the Wan-DiT blocks.

Training. Table 3 lists the hyper-parameters of the two variants. Both train on the 20,774 clips
of RealCOD-Rigid at 81 × 832 × 480 in bf16 with a learning rate that warms up linearly and then
stays constant. The timestep is sampled uniformly over the 1,000-step Wan flow schedule (shift 5),
and the timestep weight λk of Eq. (4) is the scheduler’s default. Before training the full adapter, its
attention and feed-forward matrices are perturbed once with uniform noise of magnitude 3 × 10−4

times each tensor’s standard deviation, in the manner of NoisyTune; the LoRA variant starts from
the unperturbed released weights.

Table 3: Training hyper-parameters of the two variants.

4Director (full) 4Director-LoRA

Trainable parameters entire adapter, 3.049 B rank-16 LoRA on the context blocks’
attention and feed-forward projections,
≈15.3M

Initialization official VACE + NoisyTune-style
noise

official VACE

GPUs / global batch 3× 8 / 24 3× 8 / 24
Epochs 3 3
Peak learning rate 5× 10−5 5× 10−5

Warmup steps 25 25
Weight decay 0.01 0.01
Seed 42 42

Inference. Both variants use 20 flow-matching sampling steps, classifier-free guidance 5.0 with
the pipeline’s default negative prompt, sigma shift 5.0, seed 42, 832× 480, 81 frames at 16 fps, tiled
VAE decoding and hint scale 1.0. The same checkpoints and settings were used for every result in
this paper.

B DATASET DETAILS

The annotation pipeline takes the 25,318 source clips of RealCOD-25K (Zhang et al., 2026), monoc-
ular clips of 81 frames at 832×480 and 16 fps, each with one text prompt and SAM3 instance masks
for one or two objects (29,338 objects in total). The clips are stock and open-source web videos; we
reuse the videos, text prompts and instance masks, and derive every rigid 3D scene, trajectory, and
control video of RealCOD-Rigid with our pipeline. An object is allowed to vanish in some frames
so that genuine occlusion is represented rather than suppressed. Clips that fail a stage, because of
too few correspondences or missing outputs, and clips that belong to the evaluation set of Sec. 5.1
are excluded, leaving the 20,774 training clips of RealCOD-Rigid.

C EVALUATION DETAILS

C.1 BASELINES

All four baselines run from their released checkpoints with their native sampling settings, resolu-
tion, and clip length; MotionCtrl and Perception-as-Control generate 16 frames, which are mapped
to the evaluation frames through each converter’s frame table. Each converter reads the shared cam-
era, depth, and track estimates of Appendix A.1 and produces the baseline’s native control at the
capacity its implementation accepts. MotionCtrl receives the first frame through SparseCtrl, the
shared camera through its camera module and up to eight track flows through its object module.

20



Preprint

Perception-as-Control receives up to 16 tracked 3D points rendered as spheres plus its camera ten-
sor, and does not consume the text prompt. SymphoMotion receives the camera, per-object point sets
built from the first-frame mask points and moved along the object trajectory, the 2D boxes it projects
from them, a reference point-cloud render and the prompt. Since point-based controls natively take
per-point trajectories, which are cumbersome to author one by one, moving the points rigidly along
the object trajectory gives SymphoMotion the same motion that 4Director receives. VerseCrafter
receives background RGB and depth renders, a per-object 3D Gaussian fitted at the first frame and
moved along the object trajectory, and a merged mask.

C.2 METRICS

Visual quality. FID (Heusel et al., 2017) uses InceptionV3 pool3 features on 16 uniformly spaced
frames per video, with the source clips of the same cases as the real set. FVD (Unterthiner et al.,
2018) is computed with the StyleGAN-V (I3D) feature extractor over every native frame of each
method. CLIP-SIM is the mean frame–text cosine similarity of CLIP ViT-B/32 (Radford et al., 2021)
over 16 frames. VBench-I2V (Huang et al., 2024) is run on eight dimensions (subject consistency,
background consistency, motion smoothness, dynamic degree, aesthetic quality, imaging quality,
I2V subject, I2V background); its camera-motion dimension requires one of seven fixed camera
instructions and does not apply to continuous trajectories.

Camera control. The camera trajectory of each generated video is estimated with the same
MegaSaM pipeline that produced the target trajectories and aligned to the target by a Sim(3) trans-
form, following the evaluation protocol of VGGSfM (Wang et al., 2024a). A case is successful if a
trajectory was estimated and the alignment is valid (positive scale, proper rotation). Rotation error
is the mean geodesic distance between aligned and target orientations in degrees; relative translation
error is the mean camera-center distance divided by the target trajectory’s maximum displacement
from the first frame. Both errors are averaged over the cases in which a trajectory could be estimated.

Identity-Gated IoU. A frame of the source clip counts as visible if the ground-truth mask covers
at least 10−4 of it, and the N = 16 test frames of Eq. 6 are taken at a uniform spacing over the visible
frames of the first object of the case, mapped through each converter’s frame table so that all methods
are scored on the same moments; when the object is visible in fewer than 16 frames, N is the number
of visible frames. Generated masks come from SAM3 prompted on the first generated frame with a
point and a box derived from the ground-truth first-frame mask and propagated through the video.
For each test frame, a Qwen3-VL-2B-Instruct judge compares two RGB crops: the ground-truth
frame and the generated frame, cut with the same window, which is the bounding box of the union
of the two masks padded by 20% of its longer side and at least 96 pixels wide, and resized to a
448-pixel maximum edge. The judge never sees a mask overlay, so the gate reads appearance rather
than segmentation. A frame is valid only for a PASS verdict with confidence at least 0.5; every other
verdict, a low-confidence pass, and a frame in which the segmenter finds no object are invalid, and
a frame without a generated mask is scored without calling the judge. The instruction is:

You are comparing the same target object at the same time in
two videos. Image 1 is the ground-truth video crop. Image
2 is the generated-video crop. Both images use exactly the
same spatial crop window. Judge only the main target object
shown in Image 1. Ignore background changes, small texture
differences, minor blur, and location errors.

Choose exactly one verdict:
- PASS: Image 2 preserves the target object’s identity and
has no undeniable major structural defect.
- IDENTITY_FAIL: Image 2 shows a different semantic object
or loses the target object’s defining identity.
- STRUCTURE_FAIL: It is the same object, but it has an
undeniable missing or duplicated major part, melted/fused
geometry, broken/floating major component, or impossible
attachment.
- BOTH_FAIL: Both identity and major structure fail.
- UNCERTAIN: visibility or image quality is insufficient to
decide.
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2D Control

Generated

3D Control

Generated

Figure 8: Occlusion. A plane is directed to fly under the bridge and behind its right tower. Rows
1–2: the control of SymphoMotion, a 2D box projected from the 3D trajectory onto the rendered
point cloud (red), and the video it generates. Rows 3–4: the depth control rendered from the rigid
3D scene and the video 4Director generates from it. Only with the depth control does the tower hide
the plane.

Do not penalize a part hidden by the same natural occlusion
or frame boundary in Image 1. Return one JSON object only,
with exactly three keys: verdict (one label above),
confidence (a number from 0 to 1), and reason (one short
sentence). The verdict must agree with the reason.

D LORA VARIANT

We also train a much smaller adapter to test how much of the gain depends on adapter capacity.
4Director-LoRA keeps the released context blocks fixed and trains rank-16 LoRA updates of their
attention and feed-forward matrices (15.3 M parameters) on the same data and schedule as the full
adapter (Table 3). Table 4 reports its scores next to the full adapter on the metrics of Tables 1a and 2;
it was not included in the user study. 4Director-LoRA exceeds all four baselines on FID, FVD, and
IG-IoU, while the full adapter leads it on every metric, including rotation error (4.02◦ to 3.65◦) and
translation error (0.131 to 0.122).

Table 4: LoRA variant against the full adapter. The metrics of Table 1a (left) and the VBench-
I2V dimensions of Table 2 (right).

FID FVD CLIP Rot. (◦) Trans. Rec. IG-IoU Subj. Bkg. Motion Dyn. Aesth. Imag. I2V I2V
Method ↓ ↓ ↑ ↓ ↓ ↑ ↑ cons. cons. smooth. degree quality quality subj. bkg.

4Director-LoRA 44.4 393.2 31.4 4.02 0.131 94.1 57.3 90.0 91.5 98.7 92.0 56.8 63.2 96.2 96.9
4Director 44.1 370.4 31.8 3.65 0.122 94.9 60.4 90.3 92.0 98.8 96.0 57.0 64.6 96.3 97.0

E OCCLUSION

A 2D control fixes where an object appears in the image, but not whether it passes in front of or
behind the rest of the scene. In the depth video of a rigid 3D scene, each pixel takes the depth of
the nearest surface (Sec. 3.1), so this order is fixed before generation. Fig. 8 directs a plane to fly
under the bridge and on behind its right tower. SymphoMotion marks the plane by a 2D box on the
rendered point cloud and conditions on its 3D trajectory, but its control gives no per-pixel visibility,
and the plane it generates passes in front of the tower; with the rigid 3D geometry, whose depth
video states which surface is nearest at every pixel, 4Director flies it under the deck and hides it
behind the tower.
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F FAILURE CASE

One rigid transformation per object cannot express motion that is mostly articulated. Fig. 9 moves
a breakdancer in a handstand to the right as one rigid body while the camera moves. The depth
control fixes the silhouette of the whole body in every frame, and the generated dancer follows it: it
keeps the handstand pose of the first frame throughout instead of dancing. Prescribing such motion
requires articulated parts in the scene (Sec. 6).

Rendered RGB

Rendered Depth

Generated video

Figure 9: Failure case. A breakdancer in a handstand is moved to the right as one rigid body while
the camera moves. Top: the rigid 3D scene rendered to RGB, for visualization only, and to the depth
video that conditions the adapter; pixels without geometry are black in the RGB render and uniform
gray in the depth video. Bottom: the generated dancer keeps the pose of the first frame throughout,
following the rigid silhouette, instead of dancing.

G INTERFACES

G.1 AUTHORING INTERFACE

One image is enough to build a rigid 3D scene, whose camera and object trajectories are then au-
thored in a 3D viewer; this is how the cases of Appendix H were produced. The interface has three
stages.

(1) Identity. The user loads an image, which is captioned automatically, and marks each object with
positive and negative clicks; the segmentation and the resulting identity mask are shown beside the
canvas (Fig. 10a).

(2) Geometry. Depth and intrinsics are estimated for the frame, the canonical mesh of each identity
is reconstructed, and the background is lifted into a point cloud with the object masks removed. The
panel previews the result and exports the scene (Fig. 10b).

(3) Trajectories. The scene opens in a viewer where the camera trajectory and each object’s rigid
trajectory are set by keyframes on a timeline (Fig. 10c). The authored scene is rendered by the same
renderer as a recovered one (Sec. 3.1) and the resulting depth video conditions the adapter.
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(a) Identity (b) Geometry (c) Trajectories

Figure 10: Authoring interface. The three stages of building and directing a rigid 3D scene from a
single image; in (c) the trajectories are set by keyframes on a timeline.

G.2 USER STUDY INTERFACE

The study of Sec. 5.3 is a form of nine cases, each on its own page. A case states the target control
in words, shows the input image beside a 3D visualization of the target motion, and shows the
five results as an anonymized grid labeled A–E, in which our model occupies a different letter in
each case. Three matrix questions then ask for a rating from 5 (excellent) to 1 (poor) for every
result: visual quality (realism, sharpness, artifacts, overall perceptual quality), control accuracy
(whether the intended object and camera motion is realized, judged on motion alone), and temporal
and input consistency (flicker and unintended changes of subject identity, appearance, geometry, or
background). The nine cases cover object rotation (five), camera yaw (one), object translation with
a following camera (two), and non-rigid dynamics (one). Fig. 11 shows one page.

Figure 11: One page of the user study. Left: the case and the five anonymized results. Right: the
three rating questions.

H AUTHORED TRAJECTORIES AND INSERTIONS

The 61 authored cases are public clips under re-authored camera and rigid trajectories, single-image
object insertions and user-supplied cases (Fig. 1). They have no source video under the authored
trajectories to compare against, and the training data contain no insertion pairs, so we report them
qualitatively; Figs. 12 and 13 show seven.

I ADDITIONAL QUALITATIVE RESULTS

Figs. 14 and 15 compare 4Director with the four baselines on six further clips, grouped by the
control they receive. In every panel, the input image and the target trajectories are on the left; the

24



Preprint

Figure 12: Authored camera and object trajectories (1/2). Each panel shows the input image and
the authored trajectories on the left, the depth control rendered from the rigid 3D scene in the upper
row, and the generated video below it. None of these controls comes from a source video.

rows are MotionCtrl (labeled MotionControl), Perception-as-Control, SymphoMotion, VerseCrafter
and 4Director (Ours).

J FUTURE WORK DIRECTION

A promising direction is to enable continual adaptation of video world models as new domains, ob-
jects, or control distributions arrive, while preserving previously acquired capabilities. Prior work on
continual learning has explored online hyperparameter adaptation and external-data-assisted knowl-
edge preservation, which may provide useful principles for this setting (Liu et al., 2021a;b; 2023a;b;
2024).
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Figure 13: Authored camera and object trajectories (2/2). As in Fig. 12. The generator supplies
the non-rigid dynamics, illumination and background that the rigid control leaves unspecified.
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Figure 14: Camera and object motion. In the first two clips, the camera follows a trajectory (the
coloured frusta) while the object is moved by its own rigid trajectory. In the third, the camera follows
an arc around the subject and the object keeps its place, so the non-rigid dynamics come from the
generator alone.
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Figure 15: Object rotation with a static camera. The object is turned by 180◦ in place, with the
camera held at the single frustum on the left. The baselines keep the original heading or lose the
subject, whereas 4Director completes the turn and shows the side that turns into view.
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