Beyond the Visible: Disocclusion-Aware Editing via Proxy Dynamic Graphs
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Figure 1. Given a single input image (a), the user (i) creates a lightweight PDG (b) to indicate how parts should move and (ii) specifies
what should appear in the final frame’s disoccluded areas. The result (e) is a plausible image—video with explicit articulation control (c)
and user-chosen reveals (d), surpassing the latest text and/or drag/flow-based alternatives.

Abstract

We address image-to-video generation with explicit user
control over the final frame’s disoccluded regions. Cur-
rent image-to-video pipelines produce plausible motion
but struggle to generate predictable, articulated motions
while enforcing user-specified content in newly revealed ar-
eas. Our key idea is to separate motion specification from
appearance synthesis: we introduce a lightweight, user-
editable Proxy Dynamic Graph (PDG) that deterministi-
cally yet approximately drives part motion, while a frozen
diffusion prior is used to synthesize plausible appearance
that follows that motion. In our training-free pipeline, the
user loosely annotates and reposes a PDG, from which we
compute a dense motion flow to leverage diffusion as a
motion-guided shader. We then let the user edit appear-
ance in the disoccluded areas of the image, and exploit
the visibility information encoded by the PDG to perform
a latent-space composite that reconciles motion with user
intent in these areas. This design yields controllable ar-
ticulation and user control over disocclusions without fine-
tuning. We demonstrate clear advantages against state-of-
the-art alternatives towards images turned into short videos

of articulated objects, furniture, vehicles, and deformables.
Our method mixes generative control, in the form of loose
pose and structure, with predictable controls, in the form
of appearance specification in the final frame in the disoc-
cluded regions, unlocking a new image-to-video workflow.
Code will be released on acceptance.

1. Introduction

Imagine turning a single image into a short video where you
decide both how things move and what appears when parts
move aside. Today’s generative models [16, 25, 59] get you
plausibility, but not precision: beyond coarse text prompts,
they either ask for tedious arrows/flows [28, 43] or demand
frustrating trial-and-error to coax a specific motion; control-
ling the appearance in disoccluded regions is even harder,
and rarely supported. We aim to achieve both — predictable
articulation from coarse specifications and user-chosen re-
veals — while preserving the realism we now expect from
modern video generators [12, 13, 24, 59].

Contrary to current practice, we argue that high-quality
image-to-video generation should be both generative as
well as predictable. Users should be able to specify what
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Figure 2. Motivation: forward vs. backward inconsistency in
disocclusions. (a) Forward pass with DaS [16] exposes a large
disoccluded region (white mask); (b) Backward pass from the
last frame produces a plausible but different reveal resulting in
a (c) difference map highlights misalignments concentrated on
newly visible areas (rear of the bus, background), showing that for-
ward/backward visibility disagree. Hence, (d) Naive pixel copy—
paste between forward/backward passes creates seams/ghosting
(yellow circles) due to parallax, shading, and occlusion-order mis-
matches. This motivates us to solve the disocclusion problem.

moves and how, while the generator is invoked only where
necessary, primarily in disoccluded regions, preserving the
identity and geometry of the input image elsewhere. Ex-
isting approaches fall short because they (i) do not expose
an explicit, user-editable, part-level scene representation,
and/or (ii) entangle motion specification with appearance
synthesis, leaving regions revealed under disocclusions to
chance. Even with auxiliary signals (text, depth, or image-
space flow), users lack a principled mechanism to drive co-
herent part motion or to enforce a desired final appearance
in newly revealed (disoccluded) areas. Providing multiple
images as input, i.e., keyframes, would be an option but it
raises the challenge of aligning and fusing multiple sources
of visual content (see Fig. 2).

We introduce a training-free pipeline built around a light-
weight Proxy Dynamic Graph (PDG), an abstracted scene
representation that users annotate directly over the input im-
age (see Fig. 1(b)). Nodes represent rigid or semi-rigid
primitives (e.g., articulated object parts), while edges en-
code relative motions with limited degrees of freedom (e.g.,
translation, rotation). We utilize off-the-shelf image seg-
mentation and monocular depth estimation to help users
quickly create this representation. Once annotated, users
can easily repose the graph to prescribe a target pose, effec-
tively addressing the challenge of precise motion control.

From the user-provided PDGs, we internally derive a tar-
get motion flow that encodes dense correspondence across
frames. We then feed this proxy-guided flow into a pre-
trained image-to-video diffusion model, which acts as a
motion-conditioned shader [16]: it harmonizes warped con-

tent and inpaints within the disocclusion areas. However,
the generated inpainting may not still align with user in-
tents, especially in the newly revealed parts. We let users
overwrite the disoccluded content by editing the final frame
of the generated video with their tool of choice. We then
perform a novel training-free update by suitably mixing fea-
tures from the first and the target last frame and rerun the
forward pass to obtain the final video — this reconciles the
proxy-guided motion with the final-frame correction in dis-
occluded areas. We perform this update in the latent space
of the image-to-video model rather than in pixel space, as
this strategy brings robustness to misalignment and bene-
fits from diffusion priors to synthesize realistic secondary
effects like shadows and moving highlights. See Figure 1.

Thus, we address the two key weaknesses (discussed
above) in current generative image editing setups. (i) Users
can loosely specify motion by our PDG, providing direct,
interpretable control: moving a part predictably moves at-
tached parts; modifying limits or hierarchy deterministi-
cally changes the global flow. (ii) Users have control over
appearance in disoccluded regions as synthesis is mainly re-
stricted by video priors, preserving identity and preventing
global drift while still ‘reaching’ the target end frame. Note
that as our method is training-free, it can only synthesize
video clips that are reachable in its internal latent manifold.

We validate the proposed method on images to produce
short clips of articulated objects, furniture, vehicles, and de-
formables. Compared to text/point/box-guided diffusion,
flow-only warping, and training-based edit models, ours
achieves higher pose and structure fidelity to the user target,
lower run-to-run variance, and better identity preservation
on unedited regions. A user perceptual study demonstrates
the superior performance of our method over baselines, and
additional ablation studies and discussions further validate
the effectiveness of our technical design choices.

In summary, our contributions are (i) a training-free, con-
trollable edit pipeline driven by a user-annotated PDG:; (ii)
motion-guided diffusion that is limited to disocclusions and
closely aligned to a user-specified final frame, and (iii) a
user-guided tool that seamlessly marries generative results
with predictable workflows.

2. Related Works

Image/video generator-based editing. For image edit-
ing, state-of-the-art practice is dominated by large diffu-
sion generators, augmented with lightweight controllers
and personalization. Commercial services (e.g. Photoshop
Firefly, Midjourney, DALL-E 3) and open-source back-
bones (e.g. Stable Diffusion/SDXL, widely deployed via
ComfyUl/Invoke Al/FluxKontent) deliver high-fidelity edits
through prompt conditioning and localized constraints [,
3, 11, 14, 22, 33, 36, 48, 49]. Controllability is typi-
cally provided by conditioning modules and adapters (Con-



trolNet, T2I-Adapter, IP-Adapter, InstantID, BrushNet [23,
35, 53, 60, 62]), identity- and concept-preserving person-
alization (DreamBooth, Textuallnversion, LoRA/Custom
Diffusion [15, 20, 26, 42], and localized guidance in the
denoising process (Prompt-to-Prompt, Null-text Inversion,
SDEdit, Blended Diffusion, MasaCtrl [4, 9, 17, 31, 34]),
with point/drag interfaces (DragGAN [38], DragDiffu-
sion [45], EasyDrag [19], DiffusionHandles [39]) for spa-
tial manipulation. Recent compact or task-tailored vari-
ants (e.g. NanoBanana) target faster inference or more ro-
bust localized control [13]. In video, pretrained priors
are increasingly used to maintain temporal coherence dur-
ing edits (e.g. lift-edit-project with a 3D proxy; sequence-
to-sequence movement with a video diffusion backbone),
highlighting a trade-off between zero-shot generality and
task-specific training [10, 25, 61].

Control modalities: from prompts to parts. The usabil-
ity of editing systems rests on the type of control exposed
to users. Text/instruction editors modulate internal atten-
tion or features for zero-shot edits but generally lack pre-
cise composition/pose control [7, 8]. Drag-/point-based in-
terfaces enable local geometric manipulation with identity-
aware constraints but offer limited understanding of global
articulation; recent variants, such as DragAPart, push to-
ward part-level motion [5, 19, 27, 44-46]. Geometry-
driven controls condition on depth/flow/feature warps im-
proving correspondences while still lacking an editable ar-
ticulation structure for coherent part motion [6]. Finally,
3D-/pose-aware controls steer perspective and articulation
but often require reconstruction, optimization, or train-
ing [32, 39, 43]. Video-centric works like VideoHandles
expose object transforms via a reconstructed proxy while
using a video prior to propagate edits [25] or using particle-
based physics priors [51]. Across these families, two gaps
persist: first, the absence of an explicit, user-editable parz—
joint structure for specifying motion; and second, limited
user control over disoccluded content.

Training-free editing. Training-free pipelines compose
off-the-shelf segmentation, optical flow, monocular depth,
and frozen diffusion/video priors with inference-time con-
straints. Traditional composition workflows (remove first,
then insert) are brittle: identity drift is common, and sec-
ondary effects around shadows and reflections outside the
inpaint mask are poorly synchronized (see pixel baseline in
Section 4); enlarging masks harms identity [21, 56]. Zero-
shot image/video editors perform latent lift-edit-project op-
erations to obtain temporally consistent edits without fine-
tuning [25, 39]. Drag-style methods reduce setup cost and
provide intuitive local controls, but motion remains local
and newly revealed regions are left to stochastic inpainting,
limiting user authority over disocclusions [5]. Our approach

also falls into this training-free family, while introducing
both a user-annotated proxy articulation graph to determin-
istically, yet loosely, dictate part movement and explicitly
enabling predictive control in the disocculded regions via
the last frame. Note that the disoccluded region in our edit-
ing workflow is dependent on the user-authored movements
as indicated by the PDG articulations.

Training-based editing. Task-specific fine-tuning yields
strong realism and synchronization but demands sizable
data pipelines and reduces generality. ObjectMover [61]
builds a synthetic corpus and adds auxiliary real-video
tasks to fine-tune a video diffusion transformer for single-
stage movement/removal/insertion with synchronized light-
ing/shadows. 3D-Fixup [2, 10] trains a feed-forward ed-
itor from video-mined supervision and image-to-3D pri-
ors, handling large viewpoint changes yet inheriting re-
construction/mask limitations. Still, none offers appear-
ance control in disoccluded regions. Boximator constrains
motion via trainable box controls but lacks an explicit
part—joint structure [52]; MagicStick transforms internal
handles (T2I+ControlNet with LoRA/inversion) for con-
vincing edits but needs adaptation and no final-frame dis-
occlusion control [30]; Puppet-Master uses sparse drags
with a learned motion prior for point-handle articulation,
while relying on stochastic synthesis for newly revealed
content [29]; see Section 4 for comparison.

3. Method

Fig. 3 displays an overview of our approach. Given an in-
put image I € REXWx3_ our goal is to generate an edit-
ing video V € RUFT)XHXWX3 (the first dimension is the
number of frames), guided by a text prompt T and mini-
mal user interaction. The user interaction is grounded in
several advanced vision models and translated into an ab-
stract scene graph (PDG, Sec. 3.1), which provides ex-
plicit and predictable control over objects and their parts
(Sec. 3.2). Beyond dynamic object control, our approach
also enables users to edit the disoccluded regions revealed
by motion. The editing intention — including object ma-
nipulation and disocclusion region modification — is ulti-
mately transformed into a coherent editing video using a
pre-trained image-to-video diffusion model (Sec. 3.3).
Before detailing the technical details, we first intro-
duce the concept of Proxy Dynamic Graph (PDG) and pro-
vide background on the image-to-video diffusion model
DasS [16] that serves as our backbone.
Proxy Dynamic Graph. The PDG is a directed acyclic
graph that encodes the geometry and motion of moving ob-
jects in the image. Nodes in the graph can represent en-
tire objects or individual object parts, modeled as 3D point
clouds. A directed edge between a parent node and a child
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Sec. 3.1. Interactive PDG Construction

node encodes how the child moves with respect to the par-
ent. Our implementation supports translational and rota-
tional motions. A motion is parameterized by its center,
axis, and range of movement. When a node undergoes a
spatial transformation, all its descendant nodes are updated
following forward kinematics. Figure | illustrates a typical
PDG, where the Christmas tree can translate with respect to
the static scene, while the arm of the gingerbread can rotate
and the hat can translate with respect to its body.

DaS video generation. DaS [16] is an image-to-video la-
tent diffusion model. It takes as input an image, a text
prompt, and a 3D tracking video, and denoises a random
noise into a realistic video expressing the desired motion.
Since it is a latent diffusion model, both the image and
the tracking video (V, € ROFTIXHXWX3) are first con-
verted into latent features usir}Ig a frozen VAE encoder &:
Fir = E(Vy) € RAFTDIXTXTXI6 (gee their Fig. 2).
Specifically, the input image is first preprocessed with zero
padding to obtain the pseudo video V, = RUAT)xHxWx3,
which is further converted into a latent feature:

Fy = E(V,) e RUFDIXExExI6, (1)

The tracking video encodes the precise motion of the object
of interest, while the input image provides the appearance
reference for the diffusion model.

In the denoising process, a denoising Diffusion Trans-
former (DiT) ey iteratively denoises an initial random noise
z into a clean latent 2y, conditioned on the text prompt and
the encoded image and tracking video. The denoised latent
is finally decoded into a resulting video V. = D(zg). The
denoising process at step n (0 < n < N) is defined as:

€n = 69(zn7naT7FS7Ft7‘)7 Zn—1=2n —€n. (2)
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Figure 3. Overview. From an input image, we build a Proxy Dynamic Graph (PDG) and obtain coarse part tracks (marked with red arrows)
and a disocclusion mask. Pass I, top: we run DaS (Diffusion-as-shader) to generate a motion-aware video driven by the PDG. The user
then edits the final frame to prescribe the desired reveal in disoccluded regions (top-right). Pass II, bottom: without any retraining, we
surgically replace the corresponding feature channels with the edited final-frame features and rerun Da$, yielding a video that preserves
PDG-driven motion while matching the user-specified reveal (bottom-right). See supplemental additional detail and videos.

3.1. Interactive PDG Construction

To enable precise control over objects/parts in the image,
a structural and dynamic analysis is essential. For exam-
ple, part segmentation and reconstruction of a lamp, as well
as its part articulation, reveal the full degree of freedom to
move its parts. To this end, existing research either relies on
professional software to manually model the 3D scene and
move its objects or object parts [16], or on drag-based inter-
action to achieve in-plane and limited 3D transformations
[29] (e.g., dragging a mug towards the right side of a table,
or dragging an animal nose to rotate its head). The former
approach requires expertise and is labor-intensive, while the
latter is easy to perform but inaccurate without accessing
the 3D information. Our PDG offers a sweet spot between
these two extremes. On the one hand, the PDG models the
coarse 3D geometry and motion parameters for accurate ob-
ject/part movement. On the other hand, we leverage com-
puter vision algorithms to greatly ease the construction of
the PDG compared to full 3D modeling.

Given an input image, we first employ MoGe [54]
to simultaneously estimate the depth map and the cam-
era parameters (extrinsic and intrinsic). Next, we exploit
SAM2 [41] to segment the objects or object parts. This
step involves little interaction in the form of 2D bounding
boxes that users place around each part they wish to con-
trol. The resulting segments, along with the camera param-
eters, allow us to lift the depth map into a point cloud for
each part, which form the nodes of the PDG. Users can then
assign motion to nodes by specifying parent-child relation-
ships and motion parameters (i.e., the motion type, center,
axis, and the range of the motion), making the whole graph
ready to be manipulated.



3.2. Motion-aware Video Generation

Having the graph, users are free to choose any child node
and re-pose the associated 3D point cloud based on their
editing intention. The manipulation is propagated to sub-
sequent child nodes in a forward kinematics manner. Note
that inverse kinematics could also be exploited to let users
only transform the end nodes (we leave it for future work).
We keep track of the user manipulation by recording the
change of the moved objects/parts, which gives us trans-
formed point clouds as well as a disocclusion mask M €
ROFT)XHXWx1 The disocclusion mask is an evolving bi-
nary mask along time, where the region revealed by the dy-
namics is set to one, while the other regions are set to zero,
depending on the instantaneous position of the movable ob-
jects/parts. The transformed point cloud is further translated
into a tracking video serving as the input for DaS.

Given the input image I, the tracking video V,, and
the text prompt T, we execute the forward video genera-
tion process with DaS to produce the resulting motion video
V,, € RO+T)IXHXWX3 adhering to the user interaction
with movable objects/parts. We next explain how we use
the disocclusion mask to provide additional control on the
revealed regions.

3.3. Disocclusion-aware Video Editing

The motion of the objects/parts inevitably reveals disoc-
cluded regions, which DaS inpaints based on its diffusion
priors. While the result is often realistic, users have no ex-
plicit control on it. We reinstate control over these regions
in the following way.

Firstly, the last frame of the motion video is extracted.
Based on the disocclusion mask in the last frame, users can
inpaint the disoccluded area with the desired appearance
(e.g., a bun or the fire in Figs. | and 5), forming a new tar-
get last frame I.4;:. Users can rely on any advanced image
editing tool, such as Adobe Photoshop Generative Fill, to
perform this correction. We additionally describe the user
newly inpainted concept or object in the last frame with a
text prompt T'e.p-

Next, we fuse the input image and the target last frame in
the latent space during DaS’s denoising process to produce
the final motion- and disocclusion-aware video. Specifi-
cally, we first concatenate 7' copies of the edited last frame
I.4;: to obtain an initial edited video, which we encode as
a latent feature F,q;; € RO+TT) X% x16 yging the VAE
encoder £. We then downsample the disocclusion mask to
M € ROFDXFxEx1 gpd use it to composite the in-
put image encoding F with the edited last frame encoding
Feait to produce Feompose = M/ Fegir + (1 — M) F;. Fi-
nally we replace Fs with Feompose in the first M steps of
the iterative denoising process, which effectively injects the

appearance cues of the edited disoccluded regions:

6.9(2’7“7’1, T7]:compose7]:tr)
€n =
69(2n7n,T7]:s7]:t7«)

We empirically set M = 35 < N = 50, which we found to
be a good trade-off between adhering to the user-provided
content while leaving the diffusion model room for merging
and harmonizing the edit throughout the video. The final
editing video V is obtained by decoding zy. Note that in
this generation pass, the text prompt is a concatenation of
T and T,,.,,.

4. Experiments and Results

Dataset. Since we introduce the new task of controllable,
disocclusion-aware image-to-video generation and found
no public benchmark, we created a benchmark test set.

We curated ten indoor images from the web or Al tools
(e.g., NanoBanana) and paired each with a short descriptive
prompt. Two images (a desk lamp and a toaster) have richer
articulation on simple backgrounds; we use them only to
evaluate part manipulation. The other eight images have
simpler motions but harder disocclusions; we use them to
evaluate both manipulation and revealed-content synthesis.
For every image, we constructed an interactive PDG with
our tool. For the lamp and toaster, we defined five distinct,
plausible manipulations each, yielding 2 x 5 = 10 samples.
We automatically extracted tracking videos from these ma-
nipulations and fed them to DaS for video generation; be-
cause disocclusions are minimal, we did not edit the last
frames. For each of the other eight images, we defined one
manipulation, ran DaS to generate the video, and then in-
painted the final-frame disoccluded region(s) with five user-
specified variations, producing 8 x 5 = 40 samples.

In total, we created 50 samples: 10 manipulation-only
samples (lamp/toaster) with the input image, prompt, and
tracking video, and 40 reveal-focused samples that also in-
clude an edited last frame. We do not provide ground-truth
videos; this benchmark is designed to test controllability,
final-frame authority over disocclusions, and overall video
quality under realistic authoring conditions.

Metrics. We employ several computational metrics to eval-
uate our approach on three aspects. (a) Motion accuracy.
We extract the optical flow from every pair of consecu-
tive frames in both the generated video and our tracking
video, and compute the mean cosine similarity between the
two sets of flow vectors (denoted as OptFlow). (b) Last-
frame similarity. We propose two new metrics to assess
the consistency between the user-edited last frame and the
corresponding last frame in the generated video. Specifi-
cally, we measure their pixel-wise Euclidean distance in the
RGB space (denoted as Idiff). To focus on the edited ar-
eas, we further apply the disocclusion mask to restrict the



Table 1. Quantitative results for image—video. Two settings: Manipulation (top) and Video Editing (bottom). Higher is better for
OptFlow/SSIM/PSNR/CLIP-S; lower is better for 1diff/Idiff,,,/FID/FVDS/FVDC/LPIPS. Best and second-best are bold and underlined.

Ours attains the strongest motion accuracy and overall video quality.

Motion Accuracy Last-frame Similarity Video Quality
OptFlow (1) Idiff (}) Idiff,, (J) FID () | FVDS () FVDC() SSIM(T) PSNR(f) LPIPS(l) CLIP-S (1)

Manipulation
Veo3+I+T,, 0.02 - - 1597.32 1600.05 0.63 9.89 0.52 0.24
Ours 0.72 - - - 1107.99 1108.91 0.81 17.58 0.29 0.22

Video Editing
Pixel-CP 0.65 8.97 0.05 12.15 1719.87 1724.77 0.72 16.80 0.31 0.21
Pixel-CP++ 0.64 9.51 148 17.86 1730.73 1735.34 0.71 16.70 0.31 0.22
DaS+T,,c 0.64 24.38 14.4 72.8 1660.42 1664.84 0.72 16.88 0.31 0.21
Veo3+I+T,, +1cqit 0.10 52.55 12.22 75.61 1645.04 1650.12 0.43 12.28 0.55 0.22
Ours 0.65 23.82 6.91 57.14 1639.47 1643.88 0.71 16.63 0.32 0.22

computation to relevant regions, resulting in a masked vari-
ant (denoted as Idiff,,,). Additionally, we use the FID met-
ric [18] as a complementary measure of perceptual realism.
(c) Video quality. For overall quality, we employ FVDS
[47, 50], FVDC [50, 58], SSIM, PSNR[55], LPIPS [63],
and CLIP-space Similarity [40] (denoted as CLIP-S). Intu-
itively, SSIM and PSNR measure pixel-level fidelity, LPIPS
captures perceptual similarity, and FVDS and FVDC eval-
uate temporal and distributional realism. For metrics that
need a ground truth video, we exploit CogVideoX [59] to
produce pseudo ground truth videos by taking as input the
text prompt concat(T, Ty, T),) and the input image I.
Here, T, describes the manipulation intention (Sec 3.2).
For example, in Figure 3, T is “The hat is flying...”, T,
is “There is a bun on the head of gingerbread”, while T, is
“The hat is moving upward and diagonally towards the up-
per left corner ...”. See supplementary for more examples.

4.1. PDG-based Manipulation

Competitors. To evaluate the effectiveness of our PDG-
based manipulation, we compare against two baselines:
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Figure 4. Object/part manipulation. Given an input image and

a target manipulation (overlay), each method generates a short
video. Baselines [12, 29] often drift from the target pose or distort
unedited regions; our results track the specified articulation while
preserving identity and handling any small disocclusions.
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» Puppet-Master [29] takes as input an image along with up
to five user-annotated straight arrows indicating manipu-
lation intent, and produces a corresponding video demon-
strating the specified object or part manipulation.

* Veo3.1 [12] is a multimodal language model (mLLM) ca-
pable of processing multi-modal inputs, and generating
videos accordingly. In our setting, we prompt Veo3.1 to
generate a video that begins with the given input image
and follows the text prompt concat(T, T,,) (Sec. 3.2, de-
noted as Veo3+I+T,,).

Visual and statistical comparisons are presented in Fig. 4
and Tab. 1, respectively. We use the 10 samples (i.e., lamp
and toaster) in our dataset. Qualitatively, despite extensive
trial-and-error, Puppet-Master fails to rotate the lampshade
towards the wall, and its generated videos appear blurry.
Veo3.1 produces visually plausible results. However, spec-
ifying precise motion through text is challenging, and unin-
tended camera movements frequently occur even when the
prompt describes a fixed viewpoint. In contrast, our PDG-
based approach enables accurate and controllable 3D trans-
formations. Quantitatively, we only report the comparison
with Veo3+I+T,, (see supplementary for the comparison
with Puppet-Master). Our method outperforms Veo3.1 by
an order of magnitude on OptFlow, and also achieves supe-
rior performance on most video quality metrics.

4.2. Disocclusion-aware Video Editing

Competitors. Since no prior work addresses our novel
motion- and disocclusion-aware video generation task, we
created four baseline methods, as:

* DaS+T,,.,: DaS is run with the input image, the tracking
video, and the concatenated text prompt (i.e., concat(T,
T,ew), Sec. 3.3) to produce the resulting video.

¢ Pixel-CP: using the disocclusion mask and the user-edited
image, we directly copy the disoccluded region from I 4;;
and paste it into the corresponding frames in V,,.

* Pixel-CP++: instead of direct copy-paste, we re-run DaS
conditioned on I.4;, the reversed tracking video, and
the reversed text (e.g., ‘open the drawer’ — ‘close the
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Figure 5. Qualitative comparison. Given an input image and a user-edited last frame specifying the desired reveal, each method generates
image-to-video. The four baselines often miss the target reveal, drift in pose, or introduce seams/identity loss (yellow circles). Ours
respects the user’s final-frame content while preserving global appearance and motion, producing coherent videos across diverse scenes.

drawer’). The resulting backward video is reversed again,
and its disoccluded regions are composited onto V.

e Veo3+I+T,,+1.4;:: we prompt Veo3.1 to take as input I,
I.4:t, concat(T, T,,, T,q) to generate the correspond-
ing video.

Results analysis. The comparison results are presented in
Fig. 5 and Tab. 1. All methods are evaluated on the 40
samples in our dataset. For motion accuracy, all methods
except Veo3+I+T,,,+I.4;; achieve comparable and superior
accuracy, as they share the same tracking video obtained
from our PDG. This confirms that text prompts alone are in-
sufficient to specify precise motions, particularly for com-
plex objects with multiple parts. Pixel-CP performs best
in terms of last-frame similarity, as it directly replaces the
edited last-frame pixels. Pixel-CP++ achieves the second-
best scores with a slight degradation caused by inconsis-
tencies between the forward and backward videos, leading
to boundary misalignments that can be observed in Figs. 2
and 5 (highlighted boxes). In terms of video quality, both
Pixel-CP and Pixel-CP++ yield higher scores on pixel fi-
delity (SSIM and PSNR) and perceptual similarity (LPIPS),
but lower scores in video realism (FVDS and FVDC). This
is because Pixel-CP lacks global visual effects (e.g., shad-
ows), while Pixel-CP++ introduces misalignment artifacts
that disrupt temporal consistency.

DaS+T,,.,, leverages text prompts to synthesize the new
content or object in the disoccluded regions. However, tex-
tual descriptions cannot precisely capture object geometry
and appearance, often producing objects that are visually
similar but not identical, leading to lower last-frame simi-
larity scores. Thanks to the diffusion priors in DaS, its video

Table 2. Ablation study results. We evaluate several choices of
the replacement step M and report their effects on last-frame sim-
ilarity and the overall video quality. The full statistics on all the
evaluation metrics can be found in the supplmentary.

Last-frame Similarity Video Quality
Idiff (\) Idiff,, () FID() | FVDS () FVDC ()
M=25 | 23.86 7.81 60.69 1629.01 1633.33
M=30 | 23.85 745 59.48 1633.73 1637.90
(default) M=35 | 23.82 6.91 57.14 1639.47 1643.88
M=40 | 23.36 6.71 56.95 1641.26 1645.58
M=50 | 23.28 6.46 59.13 1640.33 1644.83

quality surpasses two pixel-based baselines.

Given the images and text prompt, Veo3+I+T,,+I.4::
generates videos with high realism but low pixel fidelity,
as its frames are often contain uncontrolled elements (e.g.,
randomly appearing hands) and view changes. Although
the last frame is included in the input, it frequently appears
in the wrong temporal position, leading to the lowest last-
frame similarity scores. For the CLIP space text-to-video
similarity, all methods achieve comparable scores. Visual
results (in Fig. 5) are consistent with these findings.

4.3. User Evaluation

We have conducted a perceptual study to compare the qual-
ity of ours to those using alternative approaches.

Task. Each participant of the study was shown 15 pairs
of videos along with the corresponding input images, in-
painted regions, and tracking videos. Each of the 15 pairs
of videos contained one video produced by our method and
one video produced by one of the 5 alternative approaches
(i.e., a - DaS+T,,.,, b - Pixel-CP, ¢ - Pixel-CP++, d -
Veo3+I+T,,, e - Veo3+I+T,,+I.4;¢), in random order. We
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Figure 6. User evaluation results on three aspects (Disocclu-
sion adherence, Motion adherence, and Realism), comparing our
method with (a-e). A higher percentage reflects a
stronger preference for our method over the competitors.

created the pairs by randomly selecting 3 samples out of
the 10 in the lamp and toaster subset, and 12 samples from
the remaining 40 examples. At least one sample from each
collected image was included to ensure coverage.

In the study, the user were asked, for each pair, to indi-

cate the best result according to (i) Disocclusion adherence
(how well the video matches the target specification within
the revealed areas), (i) Motion adherence (how closely the
video follows the user-specified object motion shown in
the tracking video), (iii) Realism (overall visual quality, in-
cluding natural-looking shadows, minimal seams/artifacts,
and smooth, consistent motion over time). Note, when the
paired videos come from the lamp or toaster, only the re-
alism and motion adherence questions were asked. Each
video lasts for 3 seconds, and the entire study takes between
5 and 10 minutes to complete.
Answers. Figure 6 details the distribution of answers col-
lected over 32 participants. Our method is largely favored
over all competitors on all three criteria. For video realism,
Veo3+I+T,,+I.4;; outperforms other baselines, demon-
strating its inherent ability to produce realistic videos with-
out explicitly enforcing motion or disocclusion adherence.
Pixel-CP ranks second in motion and disocclusion adher-
ence, primarily due to its brute-force replacement strategy.

4.4. Ablation Study and Discussions

Feature replacement step )/. To validate our choice of
setting the replacement step to M = 35, we conduct an ab-
lation study by varying M to 25, 30, 40, and 50. As shown
in Tab. A1, when M > 35, the resulting video quality
and last-frame similarity remain comparable. We therefore
adopt M = 35 as our default, as using fewer replacement
steps allows the diffusion model to harmonize better.

Feature vs. noise replacement. When adapting DaS, we
choose to replace the features of F, and F.4;; based on
the disocclusion mask. An alternative approach is to re-
place the per-step noise according to the same mask dur-
ing the denoising process. In this case, the backward video
(see Pixel-CP++ in Sec. 4.2) becomes essential, and its ap-

pearance cues are injected through the mask-based noise
replacement. We implemented this variant and observed
noticeable artifacts along the boundaries of the newly in-
painted regions, even after testing different noise-injection
time steps. Another possible reason for this failure could be
the misalignment between the forward/backward videos.

4.5. Limitations and Future Work

Scope of deformation. Our PDG is part-based and best
suited to articulated or piecewise-rigid motion; highly free-
form dynamics (e.g., water splashes, fluttering flags, hair
in wind) cannot be handled by our primitives. Extending
PDG with deformable elements (e.g., ARAP or linear blend
skinning (LBS) wrapping rig-based frames, or learned con-
trollable blendshapes) is a promising direction.

Training-free approximation. Being training-free, our
final-frame enforcement is only approximate: outputs con-
verge near the target rather than matching it exactly under
large disocclusions and/or depth ambiguity. Lightweight
adaptation (e.g., constraint-aware adapters/LoRA, differen-
tiable PDG-to-latent solvers) could tighten alignment while
preserving generality.

Reachability and satisfiability. Not all user targets are
attainable from a single input image. Formalizing edit
reachability — the set of final frames consistent with PDG
kinematics, visibility, and available evidence — is an open
problem. Future work can develop a SAT-like criterion for
controllable generative editing that certifies when a motion
specification and final-frame content are jointly satisfiable.

Toward training-based PDG. Finally, a training-based
variant that learns to follow PDG motion while exactly en-
forcing final-frame constraints could combine our control-
lability with the robustness of specialized backbones. This,
however, requires a dataset of motion specifications plus
final-frame targets, and objectives that jointly optimize pose
fidelity, identity preservation, and disocclusion correctness.

5. Conclusion

We have presented a training-free pipeline for image-to-
video generation that grants users explicit control over dis-
occluded content in the final frame. The core idea is to
decouple motion specification from appearance synthesis:
a lightweight, user-editable PDG deterministically, yet ap-
proximately, drives part motion, while a frozen diffusion
prior acts as a motion-guided shader to synthesize appear-
ance of both moving objects as well as disoccluded parts.
Our latent space mixing towards final-frame enforcement
reconciles PDG-driven motion with user-specified content,
yielding controllable articulation and user authority over
newly revealed regions, without requiring fine-tuning or
paired edit data. We thus unlock a practical workflow that
mixes generative power (for reveals) with predictable con-
trol (for motion and end frame).
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