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Abstract. Editing dynamic 3D scenes reconstructed from monocular
videos is important for applications such as content creation and data
augmentation, but remains challenging. Prior works adapt image diffu-
sion models across frames while enforcing spatial–temporal consistency,
yet they often produce uniform, appearance-only edits. We instead lever-
age a video diffusion model to enable photorealistic 4D edits and control-
lable motion changes. In monocular settings, however, fitting dynamic
3D Gaussians with pure photometric loss is under-constrained, lead-
ing to shallow geometric reconstructions and temporal artifacts in the
edited scene. We address this with a novel 4D editing pipeline that uses
compact latents distilled from DINO features as additional supervision
during scene optimization and preserves them during editing as a se-
mantic identity signal. Such semantic consistency regularization provides
strong geometric and motion cues, enabling robust scene editing even
under large or complex edits from the video diffusion model. Further-
more, to promote semantically novel content generation during editing,
we apply a gradient-based feature lifting method based on accumulated
feature gradients during Gaussian densification. Experiments show im-
proved spatial-temporal realism and text alignment over image editing
baselines, and demonstrate compositional motion-appearance edits with
significant geometry changes that prior methods cannot achieve.
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1 Introduction

Recent advances in 3D scene representations, notably Neural Radiance Fields
(NeRF) [44] and 3D Gaussian Splatting (3DGS) [30], have enabled photorealistic
novel-view synthesis of real-world scenes. Building on these advances, a series of
works have extended such models to dynamic 3D (4D) settings [5,51,71,76,77],
allowing reconstruction of a scene with complex motion and deformation. As
these dynamic representations mature, there is a growing demand for editing
capabilities—to flexibly control appearance, geometry, and motion—for appli-
cations such as immersive VR/AR content creation and scalable data augmen-
tation. However, existing approaches to dynamic scene editing mainly focus on
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appearance, with limited control over geometry or motion, resulting in a lack of
true 4D control. In this work, we focus on editing 4D scenes reconstructed from
monocular videos, a practical yet challenging setting due to limited observations
and inherent ambiguities.

Existing works [22, 27, 32, 38, 45, 59] perform text-guided 4D scene editing
by leveraging 2D diffusion-based image editing model such as InstructPix2Pix
(IP2P) [3]. Among these methods, a common approach is to edit each frame
of a monocular or multi-view video and then adopt an Iterative Dataset Up-
date (IDU) strategy, following the Instruct-NeRF2NeRF [21] paradigm, where
the edited frames are iteratively used as supervision for 4D scene optimization.
To enforce spatial–temporal consistency during this process, various techniques
have been proposed. Instruct-4D-to-4D [45] propagates the edited key frames
across time using depth- and optical-flow-based spatial–temporal warping, align-
ing them with the original motion and cross-frame correspondence. Meanwhile,
CTRL-D [22] fine-tunes the IP2P model on an original–edited image pair to
obtain a personalized editor, which is then applied consistently to other frames.
While these methods help maintain spatial–temporal consistency, they often
yield uniform edits with limited variation, resulting in poor spatial–temporal re-
alism and changes that are largely confined to appearance rather than underlying
geometry or motion.

In contrast, video diffusion models [58, 65, 81] enable controllable modifica-
tions of geometry and motion. Unlike image diffusion models [3] that require ex-
plicit enforcement of frame-wise consistency, video diffusion models are trained
on real-world video datasets and inherently capture the relationships across time
and viewpoints. As a result, spatial–temporal consistency is naturally preserved
during the editing process. Moreover, since video diffusion models are trained
on dynamic videos paired with motion-descriptive text prompts, they enable
text-based motion control, opening up new possibilities for editing that induce
meaningful changes in scene geometry and motion.

To this end, we propose MotionEditGS, a 4D scene editing pipeline built
on a video diffusion model. MotionEditGS enables motion–appearance editing
while maintaining accurate geometry and motion reconstruction in the monoc-
ular video setting through three key components: (1) semantic feature guided
reconstruction to resolve geometric and motion ambiguities, (2) semantically
anchored editing to prevent semantic drift under dynamic edits such as motion
modification, and (3) a gradient-based feature lifting scheme that facilitates the
introduction of semantically novel content during editing.

Semantic feature guided reconstruction is employed when learning the source
4D scene from the input video by jointly optimizing a photometric loss and a
semantic feature–based loss, in order to alleviate geometric and motion ambigu-
ities inherent to the monocular video setting. Since the semantic features encode
part-level information in a motion-consistent manner, this strategy improves
geometry and mitigates temporal flickering, yielding a semantically structured
and temporally stable dynamic Gaussian representation that serves as a robust
foundation for editing.
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Building on this representation, semantically anchored editing transforms the
source 4D scene into a target 4D scene using the edited video as supervision.
As in the reconstruction stage, it leverages a combined RGB–feature rendering
loss, but excludes the semantic features inherited from the source scene from
the optimization objective and updates only the geometric and appearance at-
tributes. This design improves temporal coherence and structural stability under
extreme motion edits by constraining the optimization to realize edits through
changes in motion and geometry rather than semantic reassignment. However,
when semantically novel content emerges during editing, discrepancies between
the semantic feature distributions of the source and target scenes can lead to
poor reconstruction in these novel regions. To address this, we adopt gradient-
based feature lifting. Analogous to accumulating screen-space gradients, it accu-
mulates feature-only gradients for each Gaussian and, before each densification
stage, selects high-gradient Gaussians and injects novel semantic features, so
that semantically new regions can be faithfully represented.

Our key technical contributions are as follows:

– We present MotionEditGS, a video diffusion–based 4D editing framework
that enables photorealistic motion–appearance edits with accurate geome-
try and coherent motion from monocular videos, going beyond prior image
diffusion–based approaches.

– We introduce semantically anchored editing, which leverages semantic fea-
tures to preserve part-level semantic identity during editing, thereby improv-
ing temporal coherence under challenging motion edits.

– We propose gradient-based feature lifting, a feature gradient–driven mecha-
nism that injects semantic latents into densified Gaussians, enabling faithful
reconstruction of novel semantic content introduced during the edit.

2 Related Works

Diffusion Model-Based 2D Editing. Diffusion models [11, 23, 63] have be-
come a mainstream approach for image synthesis, facilitating high-fidelity Text-
to-Image (T2I) generation [46, 54, 56, 58]. SDEdit [42] introduces prompt-based
editing through a noise-denoise procedure in diffusion models to preserve the
structure of a guide image. Subsequent research has advanced toward person-
alized editing, with Textual Inversion [16] and DreamBooth [57] enabling the
model to learn and synthesize novel object concepts from minimal image sets
through fine-tuning. For instruction-driven editing, InstructPix2Pix [3] allows for
editing via explicit natural language commands, while MimicBrush [9] facilitates
reference image-based synthesis. To enable more granular spatial manipulation,
ControlNet [78] further provides precise spatial control by incorporating external
conditions such as pose, depth, and edges.

Extending these principles to video editing, however, introduces the complex
challenge of maintaining temporal consistency. Early efforts adapt T2I archi-
tectures with fine-tuning based approaches: Tune-A-Video [72] utilizes one-shot
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tuning with sparse-causal attention, while AnimateDiff [20] adds a separate tem-
poral module to animate existing T2I models. A parallel trajectory focuses on
tuning-free methodologies to enhance efficiency. Video-P2P [39] and Vid2Vid-
Zero [68] expand cross-attention control mechanisms to the temporal dimension,
while others enforce smoothness by leveraging motion cues [10,19] or latent-code
propagation, as seen in Text2Video-Zero [31] and Pix2Video [7]. To address the
lack of structural coherence in long-range sequences, some approaches incorpo-
rate explicit geometric conditions such as depth [14, 69] or pose maps [41, 75].
More recently, unified frameworks like VACE [28] integrate these disparate edit-
ing strategies into a single, cohesive generative model.

Diffusion Model-Based Scene Editing. The success of Neural Radiance
Fields (NeRF) [44] representations has inspired various scene-level editing meth-
ods that leverage 2D diffusion models, transferring the rich generative priors of
T2I models such as Stable Diffusion [56] to 3D domains. Specifically, Instruct-
NeRF2NeRF [21] introduced an Iterative Dataset Update (IDU) scheme, in
which training-view images rendered from a NeRF are edited using Instruct-
Pix2Pix (IP2P) [3] and iteratively incorporated back into NeRF optimization
to ensure consistency. In contrast, Instruct 3D-to-3D [29] applies Score Distil-
lation Sampling (SDS) [50] to inject 2D diffusion priors directly into 3D scenes
via gradient-based supervision. Subsequent works further extend these meth-
ods toward improved multi-view consistency [12] and text-driven localized ed-
its [84]. With the emergence of 3D Gaussian Splatting (3DGS) [30], follow-up
approaches [8, 67, 74, 79, 83] adapt these ideas to photorealistic, efficiently ren-
dered static scene editing, taking advantage of the explicit nature of Gaussians.
More recently, dynamic 3D (4D) scene editing has been explored [25,27,32,34,38,
45,59,61], with Instruct 4D-to-4D [45] extending the IDU paradigm to 4D using
optical-flow and depth-based warping for temporal and multi-view consistency,
and CTRL-D [22] fine-tuning IP2P on original–edited pairs to achieve consis-
tent multi-frame edits. However, most of these works perform editing based on
2D diffusion priors, which inherently restricts their scope to appearance-based
modifications and limits their ability to perform meaningful motion edits.

Dynamic Scene Representation. Early efforts in dynamic scene representa-
tion sought to capture temporal evolution by extending Neural Radiance Fields
(NeRF) [44] through two dominant paradigms. Deformation-based methods learn
a continuous canonical-to-observation mapping, warping a static canonical rep-
resentation into a target live frame via a learned displacement field, as exempli-
fied by D-NeRF [51], Nerfies [47], and HyperNeRF [48]. In parallel, spatiotem-
poral representations directly model the scene as a unified 4D (x, y, z, t) vol-
ume. To maintain computational tractability, these approaches often leverage
efficient tensor decompositions or specialized feature grids to factorize the high-
dimensional space [5,15,60]. Meanwhile, several works specifically address the ill-
posed monocular setting by introducing motion-aware or geometry-based priors
to effectively reduce reconstruction ambiguity from single-camera views [17, 18,
73]. This dual-paradigm structure persists in the dynamic 3D Gaussian Splatting
(3DGS) [30] literature, where the explicit nature of Gaussians allows for more
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Fig. 1: Overall pipeline of our MotionEditGS. We first reconstruct a dynamic
4D scene from a monocular video using semantic-feature-augmented Gaussians. To im-
prove geometric fidelity and temporal consistency, we jointly optimize them with both
RGB (Lrgb) and DINO-based latent feature rendering loss (Lfeat) (Sec. 3.2). Next,
we edit the source video using a video diffusion model, then optimize the target 4D
scene with a semantically anchored strategy that preserves the original latent iden-
tity, promoting coherent geometric and motion changes (Sec. 3.3). Finally, we apply
gradient-based feature lifting to introduce new latent features and enhance the Gaus-
sians’ representational capacity for newly emerging semantic regions (highlighted by
green ellipses) during densification (Sec. 3.4).

direct motion modeling. Deformation-based 3DGS approaches focus on tracking
or deforming canonical Gaussians over time to preserve physical identity [36,
40,77], while spatiotemporal methods model motion through neural fields or at-
tributes parameterized by time to capture complex trajectories [13,35,71]. Recent
monocular 3DGS methods further mitigate single-view ambiguity by introduc-
ing deformation-based regularization or hierarchical motion constraints, ensuring
that the reconstructed motion remains plausible across long sequences [64,77].

3 Method

We present MotionEditGS, a video diffusion model–based pipeline that en-
ables text-driven editing of both motion and appearance in 4D scenes. Dynamic
scene editing is the task of modifying a reconstructed 4D scene under user con-
trol, leveraging both the learned 4D representation and the original training
videos [22]. Our approach establishes an end-to-end paradigm where 4D recon-
struction and editing are tightly coupled—the editing stage operates on scenes
whose semantics are learned during reconstruction. Given input videos, we first
reconstruct the 4D scene with latents distilled from DINO features (Sec. 3.2). We
then introduce semantically anchored editing that preserves the latent features
throughout optimization (Sec. 3.3). Finally, to enable novel semantic content
during editing, we propose a gradient-based feature lifting mechanism (Sec. 3.4).
The overall pipeline is illustrated in Fig. 1.
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3.1 Preliminary

Dynamic 3D Gaussian Splatting. Dynamic 3D Gaussians extend the 3DGS
framework [30] to model temporally varying scenes. A representative method,
Deformable 3D Gaussians (Deformable 3DGS) [77], tackles the challenge of rep-
resenting motion by decoupling scene geometry and motion. Instead of assign-
ing time-dependent parameters to each Gaussian, Deformable 3DGS defines a
canonical set of 3D Gaussians and introduces a separate implicit deformation
field Fθ to capture temporal variations in position x , rotation r, and scale s.
The deformation network takes as input the canonical Gaussian center and a
time coordinate t, and outputs offsets that describe its deformation over time:

(δx, δr, δs) = Fθ(γ(sg(x)), γ(t)), (1)

where sg(·) indicates a stop-gradient operation, and γ(·) denotes a positional en-
coding function. This decoupled formulation enables joint optimization of both
the canonical Gaussians and the deformation network, allowing the model to re-
construct accurate dynamic geometries and achieve real-time, high-quality ren-
dering from even monocular video inputs. In our work, we adopt the Deformable
3DGS framework as the underlying representation to model dynamic scenes from
monocular observations.
VACE. VACE [28] is a unified multimodal-to-video generation and editing
framework built on Diffusion Transformers (DiT) [49], integrating tasks such
as Reference-to-Video generation (R2V), Video-to-Video editing (V2V), and
Masked Video-to-Video editing (MV2V). It employs a Video Condition Unit
(VCU), defined as V = [T ;F ;M ], which combines a text prompt (T ), context
video frames (F ), and a mask sequence (M). VACE processes these inputs via
Concept Decoupling, which uses the mask M to separate the frame sequence
F into two streams: Reactive Frames (Fc = F × M) for pixels to be modi-
fied ((e.g., control signals such as depth, pose, or layout) and Inactive Frames
(Fk = F × (1 − M)) for pixels to be preserved (like reference image, static
regions). These decoupled streams (Fc, Fk,M) are then encoded by a Context
Latent Encoder and transformed into unified context tokens by a Context Em-
bedder. During video generation, the noisy video token X is processed by the
frozen main DiT backbone, while the context tokens are simultaneously pro-
cessed through a separate parallel branch composed of Context Blocks—copied
from several DiT layers—with the text tokens T provided to both branches. The
output from this adapter is injected back into the main DiT layers as an addi-
tive signal, guiding the denoising trajectory of X with multimodal conditioning.
This Context Adapter Tuning strategy enables parameter-efficient training and
pluggable conditioning. In our work, we compose the R2V, and MV2V tasks of
VACE to perform text- and reference-guided localized appearance and motion
editing, and utilize the results for 4D scene editing.

3.2 Semantic Feature Guided Reconstruction

To enable 4D scene editing, we first reconstruct a source dynamic Gaussian rep-
resentation from a monocular video sequence {It}Nt=1 ∈ RN×H×W×3, where N



MotionEditGS 7

denotes the number of frames in the video, and H and W represent the height
and width of each frame, respectively. Recent works have shown that jointly
leveraging semantic and photometric supervision during reconstruction can im-
prove geometric fidelity and reduce temporal flickering [33, 82]. Motivated by
this, we train our deformable 3D Gaussians with both photometric and seman-
tic supervision, where we specifically adopt DINO [6] features as the semantic
representation. However, these features have high dimensionality, which makes
their direct use infeasible due to excessive memory consumption and degraded
rendering efficiency. Following LangSplat [52], we train an autoencoder to com-
press the high-dimensional DINO features fDINO into a compact latent space.
The autoencoder is trained to reconstruct DINO feature patches extracted from
the source video frames using a reconstruction loss:

Lae = dae(fDINO, f̂DINO), (2)

where dae(·) denotes a distance function combining the L2 and cosine similarity
terms, and f̂DINO represents the reconstructed DINO feature. After training,
we freeze the encoder and apply it to the DINO features extracted from each
input video frame, obtaining low-dimensional latent feature maps {Ft}Nt=1 ∈
RN×h×w×c, where c is the latent feature dimension, and h = H/p, w = W/p,
with p denoting the DINO feature patch size.

Let G denote the set of Gaussians, each parameterized by standard attributes
θi = (xi, ri, si, σi, ci): position, rotation, scale, opacity, and color, respectively.
We further augment each Gaussian with a latent feature fi, which enables dif-
ferentiable semantic rendering analogous to color rendering. During training, we
render both RGB and latent features from the Gaussians and jointly optimize
these attributes using a combined RGB–latent rendering loss:

min
{θi,fi}

λrgb Lrgb(G) + λfeat Lfeat(G) (3)

Lrgb(G) = drgb(It, Ît(G)) (4)

Lfeat(G) = dfeat(Ft, F̂t(G)), (5)

where Ît(G) and F̂t(G) denote the RGB image and latent feature map rendered
from the training camera view at timestep t, respectively. The function drgb(·)
combines L1 and LSSIM terms, while dfeat(·) is an L1 loss. λrgb and λfeat are
weighting coefficients that balance the two objectives.

This process yields a source dynamic Gaussian representation enriched with
semantic latents distilled from DINO. Since DINO features encode part-level se-
mantics and motion consistency, their supervision helps resolve geometric and
motion ambiguities inherent to monocular video reconstruction. The resulting
semantically embedded Gaussians exhibit improved geometry and temporal con-
sistency, yielding a stable representation for the subsequent editing stage.



8 We et al.

3.3 Semantically Anchored Editing

After obtaining the source dynamic Gaussian representation enriched with la-
tent features distilled from DINO, we leverage our semantically anchored editing
to generate diverse target 4D scenes, including motion-edited variants, in an
efficient and stable manner. We first edit the source monocular video using an
off-the-shelf video editing model, guided by textual instructions and auxiliary
controls such as 2D masks or reference images. In our implementation, we adopt
VACE [28] to produce the edited video sequences. The edited video serves as a
supervision signal to transform the source scene into the target scene.

In the editing stage, the latent features f∗
i inherited from the source scene

are excluded from the rendering-loss optimization, and only the geometric and
appearance parameters θi are updated to fit the edited video. The target scene
parameters are thus optimized with a combined RGB—latent rendering loss of
the form

min
{θi}

λ′
rgbL′

rgb(G) + λ′
featL′

latent(G; f∗
i ). (6)

where L′
rgb and L′

latent are computed using the edited video frames and their
DINO-derived latent feature maps. We refer to this training strategy—where
the edited video is fitted by adjusting only θi while using the source latent f∗

i

as reference embeddings—as semantically anchored editing.
Without such a constraint, directly fine-tuning all Gaussian parameters on

the edited video often leads to semantic drift : Gaussians that originally explain a
particular object or part in the source scene can be reassigned to different regions
or even different objects in the edited scene. This drift breaks the correspondence
between the source and target scenes and manifests as temporal inconsistencies,
especially in motion edits where trajectories must remain consistent over time.
The semantically anchored editing strategy biases the optimization to achieve
the motion edits primarily through coherent changes in motion and geometry,
rather than unstable semantic reassignment. Moreover, by constraining the se-
mantic identity of each Gaussian, the optimization focuses on a compact set
of attributes, making editing computationally efficient. In practice, this seman-
tic anchoring induces dense, part-level correspondences between the source and
edited sequences, improving temporal coherence and structural stability during
4D motion editing, while still allowing diverse appearance and motion modifica-
tions through the deformable Gaussian parameters.

3.4 Gradient-based Feature Lifting

When the autoencoder trained on the input video is used to extract features
from the edited video, semantically novel content introduced during editing can
lead to out-of-distribution latent features. If we directly optimize the seman-
tically anchored Gaussians using these new latents, discrepancies between the
latent feature distributions of the source and target scenes often hinder faithful
reconstruction of the novel regions. This calls for selectively injecting new la-
tent features corresponding to the novel content during editing. To this end, we
propose a gradient-based feature lifting strategy.
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Table 1: Quantitative comparison with baselines on DyCheck-iPhone and
DAVIS. We report CLIP similarity, VBench subject consistency, and LOVE (per-
ceptual/correspondence) on train and novel views. “VACE” is a non-reconstruction
reference (novel-view metrics N/A).

Dataset Method LOVE-Perceptual ↑ LOVE-Corresp ↑ CLIP ↑ Consistency ↑
Train Novel Train Novel Train Novel Train Novel

DyCheck [18]

IN4D [45] 0.420 0.324 0.521 0.428 29.29 26.60 0.941 0.838
CTRL-D [22] 0.434 0.365 0.532 0.467 29.86 26.27 0.946 0.890
Ours 0.456 0.393 0.553 0.530 31.26 27.85 0.950 0.907
VACE [28] 0.504 – 0.569 – 31.49 – 0.936 –

DAVIS [4]

IN4D [45] 0.508 0.294 0.572 0.306 26.60 21.06 0.950 0.598
CTRL-D [22] 0.501 0.467 0.536 0.536 27.61 25.47 0.962 0.899
Ours 0.629 0.557 0.590 0.580 28.16 26.76 0.929 0.882
VACE [28] 0.639 – 0.590 – 28.70 – 0.926 –

Similar to how screen-space gradients are accumulated for Gaussian den-
sification, we accumulate feature gradients—specifically, the gradients of the
feature loss with respect to the latent features for each Gaussian, denoted as
∇fidfeat(Ft, F̂t). These gradients, being derived solely from the feature loss term,
provide feature-driven cues that help identify regions where novel latent features
should be created. Before each Gaussian densification stage, we project Gaus-
sians whose accumulated feature gradient exceeds a threshold τlift onto the visible
camera image planes. For each projected Gaussian, we compute the average of
the corresponding pixel-wise latent features from the edited video. Subsequently,
each Gaussian is cloned and assigned with the computed latent features. This
process effectively lifts the latent representation.

Since this lifting occurs at each densification iteration, the subsequent cloning
and splitting of Gaussians naturally inherit the newly assigned latent features.
This facilitates the overall feature lifting process while enhancing the representa-
tional capacity for novel semantic regions. The proposed gradient-based feature
lifting thus enables robust 4D scene editing, particularly when semantically new
objects or structures emerge during the editing stage.

4 Experiments

4.1 Experimental Setup

Datasets. For evaluation, we use DyCheck-iPhone [18] and DAVIS [4], which
provide monocular videos of object-centric dynamic scenes in indoor and out-
door environments. In particular, DyCheck-iPhone provides a challenging strict
monocular setting where the scene motion is significantly faster than the cam-
era’s movement, thereby presenting a demanding benchmark.
Baselines. To validate the effectiveness of our method, we conduct comparative
experiments against three baselines. Two of them are previous works, Instruct-
4D-to-4D (IN4D) [45] and CTRL-D [22], while the third is a self-defined base-
line, referred to as RGB-only. In this baseline, reconstruction and editing are
performed using only photometric supervision from the input video and the
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Fig. 2: Qualitative comparison with baselines. Examples include renderings from
two training views and one novel view at the same time step. MotionEditGS yields
sharper and more stable edits compared to the baselines. In particular, it shows
markedly improved consistency in novel-view renderings.

edited video produced by VACE. This comparison allows us to evaluate how
our proposed semantically anchored Gaussian-based editing pipeline improves
the geometry and motion coherence of the edited scenes. Other potential base-
lines [27, 38, 59, 61] are not included due to the lack of public implementations,
or because they specifically target multi-view settings [32].
Implementation details. We represent 4D scenes with Deformable 3D Gaus-
sian Splatting [77]. We empirically found the camera poses provided by Dy-
Check [18] to be inaccurate, so we optimize the Gaussians using camera poses
and a point cloud estimated from the raw video with Vipe [24]. For a fair com-
parison, all baselines also use the same Vipe poses and point clouds throughout
reconstruction and editing. For comparison experiments, we follow CTRL-D [22]
to define editing regions using masks from SAM2 [55], edit a single frame with
IP2P and BlendedDiffusion [2] and mark as VACE inactive frame for the subse-
quent editing process. This setup facilitates a fair comparison with image-based
baselines by employing the video diffusion model primarily for the temporal
propagation of initial IP2P edits, thereby minimizing the influence of the model’s
inherent generative priors on the final results. For reference-image–based editing,
we obtain an edited frame using MimicBrush [9].

We extract DINO features using DINOv3 [62] with a ViT-L/16 backbone.
Features are bilinearly upsampled to the rendering resolution and used for the
RGB–latent loss as well as for computing feature gradients. The autoencoder is
implemented as an MLP with latent dimension c = 16. The source Gaussians
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Table 2: Quantitative comparison with RGB-only baseline. We evaluate the
effectiveness of our method by comparing our full model against the RGB-only baseline
across three diverse editing scenarios. The metrics follow the same protocol as Tab. 1.

Scene / Instruction Method LOVE-Perceptual ↑ LOVE-Corresp ↑ CLIP ↑ Consistency ↑
Train Novel Train Novel Train Novel Train Novel

mochi-high-five
“Turn the cat into a fox”

RGB-only 0.461 0.410 0.606 0.547 33.56 32.67 0.955 0.927
Ours 0.488 0.477 0.625 0.609 32.78 32.17 0.961 0.947
VACE [28] 0.523 – 0.633 – 32.85 – 0.952 –

paper-windmill
“Turn the paper windmill

into a yellow flower”

RGB-only 0.482 0.408 0.625 0.566 31.95 28.74 0.959 0.899
Ours 0.490 0.422 0.633 0.590 31.92 28.92 0.960 0.898
VACE [28] 0.547 – 0.648 – 31.40 – 0.948 –

pillow
“Draw autumn leaves

on the pillow”

RGB-only 0.414 0.318 0.426 0.396 29.07 22.17 0.926 0.865
Ours 0.432 0.332 0.428 0.416 29.64 23.65 0.927 0.875
VACE [28] 0.441 – 0.426 – 30.22 – 0.907 –

Table 3: Quantitative comparison on computational efficiency.

Method Compute resources Editing time
IN4D 2 GPUs 1.5 hours
CTRL-D 1 GPU 2 hours
RGB-only 1 GPU 40 mins
Ours 1 GPU 45 mins

are optimized for 30,000 iterations; during editing we optimize for 20,000 itera-
tions. Details of all other hyperparameters are included in the supplement. All
experiments are conducted on an NVIDIA RTX 3090 GPU except for evaluation.
Metrics. While prior works often measure text alignment using CLIP simi-
larity [53] and temporal consistency using VBench subject consistency [26], we
additionally employ a more comprehensive protocol based on LOVE [66], an
LMM-based metric known to align well with human annotations. We use the
LOVE perception score to evaluate visual fidelity and temporal realism. To mea-
sure text-video correspondence, we compute the LOVE correspondence score
between the rendered video and a synthesized target description. This target
description is generated by gpt-oss [1], which is prompted with the editing in-
struction, demo examples, and a source description of the input video extracted
by Video-LLAVA [37]. We evaluate all four metrics on videos rendered from
both training views and novel views, using the standard spiral trajectory from
LLFF [43] for the latter. Further details on this target description generation
and spiral trajectory are provided in the supplement.

4.2 Results

Comparison with baselines. Tab. 1 reports the quantitative results for editing
performance across both datasets. Our method generally achieves superior CLIP
similarity and temporal consistency compared to existing baselines, while also
outperforming them on the LOVE metric. Notably, our method exhibits mini-
mal performance decay in the LOVE-Correspondence metric when transitioning
to novel views, empirically validating its superior geometric stability. These im-
provements are qualitatively reflected in Fig. 2, where our method exhibits no-
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Fig. 3: Qualitative comparison with RGB-only baseline. We evaluate our frame-
work against an RGB-only baseline using three distinct editing cases. Unlike the
photometric-only approach, which suffers from significant geometric degradation and
blurring in novel-view renderings, MotionEditGS maintains robust structural integrity
and high visual fidelity across all viewpoints.

ticeably better structural integrity during complex edits. Tab. 3 summarizes the
time and compute required for editing. The proposed pipeline requires substan-
tially less editing time than prior works, as it eliminates the need for expensive
model fine-tuning or iterative edit propagation.
Comparison with RGB-only baseline. Fig. 3 compares our proposed method
against the RGB-only baseline that relies solely on photometric supervision
for both reconstruction and editing. Our approach demonstrates superior vi-
sual quality; notably, while the RGB-only baseline exhibits significant geometric
degradation during novel-view rendering, our model maintains a consistent level
of quality across both training and novel views. This observation underscores the
effectiveness of our editing methodology in enhancing geometric stability. These
results are further corroborated by the quantitative results in Tab. 2, where our
method shows a noticeably smaller performance gap between training and novel
views across all three editing scenarios compared to the RGB-only baseline. Fur-
thermore, Tab. 3 indicates that the proposed pipeline incurs only a marginal
12.5% increase in computational overhead relative to the RGB-only baseline.
Qualitative results of motion edits. Fig. 4 illustrates various motion editing
results achieved by our method. In the blackswan scene, our approach demon-
strates composite editing capabilities, significantly transforming the original
motion via text prompts while simultaneously modifying the appearance. The
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“Make the swan spread its wings and fly.”

“Turn the swan into white and make it spread its wings and fly.”

Original DAVIS – “blackswan”

Original DyCheck – “haru_sit”

“Make the dog lie down.”

“Make the man wearing the blue suit

naturally raise both hands up.”
“Make the man wearing the blue suit stand up.”Original DyCheck – “space_out”

“Make the cat gaze at the pink pillow.” “Make the cat jump.”Original DyCheck – “mochi_high_five”

Fig. 4: Qualitative results of MotionEditGS. For each scene, we show motion
and appearance edits using text prompts. The rendered frames across three time
steps demonstrate that MotionEditGS achieves photorealistic edits with strong spatio-
temporal consistency while preserving unrelated regions.

mochi-high-five scene further highlights the versatility of our framework, show-
casing how multiple distinct motion edits can be successfully applied to the same
underlying scene. All these edits yield high-fidelity outcomes, as our proposed se-
mantically anchored editing pipeline ensures consistent geometric stability, even
in the presence of rapid motion and motion blur within the edited sequences.
Notably, these motion-centric transformations represent “true 4D editing” capa-
bilities that remain unattainable for existing image-diffusion-based models and
are uniquely enabled by our video diffusion-based MotionEditGS.

Ablation Studies. To validate the contribution of each component, we conduct
an ablation study on each module: the Semantically Anchored Editing (SAE) and
the gradient-based feature lifting (Lift) module. While the main baseline compar-
ison evaluates the overall quality of the final edits, this ablation study measures
reconstruction performance: given a fixed VACE-edited video, we assess how well
each model variant can reconstruct it via the edited 4D scene. Following [45], we
compute PSNR, SSIM [70], and LPIPS [80] between the VACE-edited video and
the corresponding renders from the edited 4D scene. Experiments are conducted
under two editing setups: a motion-editing prompt and a motion–appearance
prompt that introduces novel content.
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w/o Lifting w/ Lifting

Fig. 5: Qualitative impact of gradient-based feature lifting. While SAE alone
fails to form new features for semantically novel regions like the “blue cap”, incorpo-
rating Lifting ensures structural integrity and prevents hollow artifacts.

Table 4: Ablation study of core modules. We evaluate reconstruction performance
under motion-only (“look left”) and novel-content (“blue cap”) scenarios, showing the
synergy between SAE and Feature Lifting.

Instruction Method PSNR ↑ SSIM ↑ LPIPS ↓

look left
RGB-only 30.73 0.878 0.164
SAE 38.15 0.973 0.084
SAE + Lift 38.36 0.976 0.075

Instruction Method PSNR ↑ SSIM ↑ LPIPS ↓

blue cap
RGB-only 34.88 0.961 0.147
SAE 17.32 0.724 0.423
SAE + Lift 37.80 0.974 0.074

Ablation results in Tab. 4 demonstrate the complementary roles of our com-
ponents. In editing scenarios without novel content (e.g., look left), SAE con-
tributes to significant performance gains, whereas the lifting module provides
minimal impact. In contrast, when semantically novel content is introduced (e.g.,
blue cap), SAE alone struggles to adapt, causing optimization failures. This lim-
itation is effectively addressed by the lifting module, which enables integration
of novel features for superior performance. This behavior is qualitatively cor-
roborated in Fig. 5. Without the lifting module, the model fails to form new
semantic features in the blue cap region, resulting in hollow or incomplete ar-
tifacts. Conversely, incorporating lifting enables the robust generation of these
features, ensuring structural integrity even under significant semantic changes.

5 Conclusion

We present MotionEditGS, a video diffusion-based 4D scene editing pipeline that
preserves accurate scene geometry and motion through semantically anchored
Gaussians and incorporates novel semantic content via gradient-based feature
lifting. Our approach enables high-fidelity motion–appearance edits, going be-
yond the capabilities of image diffusion-based baselines. Extensive experiments
demonstrate that MotionEditGS achieves superior visual quality, stronger text
alignment, and more accurate 4D scene reconstruction, establishing a solid foun-
dation for future research in video diffusion–driven 4D scene editing.
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