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Abstract— Recent text-to-4D generation methods have
achieved remarkable progress thanks to advances in text-to-
video models. Existing approaches typically reconstruct 4D
scenes from generated videos or distill them from pre-trained
text-to-video models. However, these methods often restrict
the scene to a local region or lack spatial controllability.
TC4D pioneered trajectory-controllable 4D asset generation
by decomposing motion into global transformation and local
deformation. While it achieves high visual quality, TC4D suffers
from extremely low generation efficiency due to its NeRF-based
framework. To overcome this limitation, we propose Efficient
TC4DGS, which replaces NeRF with 4D Gaussian Splatting
(4DGS) to significantly improve efficiency. Nevertheless, the
discrete representation of 4DGS makes optimization challeng-
ing, leading to noticeable degradation in visual and motion
quality. Thus, we propose a HexPlane-based 4D representation
combined with a key-node control scheme. By computing the
deformation only for the control nodes and getting overall de-
formation through interpolation, we greatly improve generation
efficiency while maintaining quality. Compared with TC4D, the
previous SOTA, we have improved the generation efficiency
by 13× (reducing the generation time from 26 hours to 2
hours), while also achieving superior performance in terms of
the dynamic quality of the generated objects.

I. INTRODUCTION
4D object generation has extensive applications in fields

such as virtual reality (VR), video games, industrial design,
and autonomous driving simulation. With the rapid evolution
of diffusion models generating images or videos of extraor-
dinary quality from simple human instructions has become
increasingly accessible. Concurrently, methods represented
by NeRF [1] and 3DGS [2] have enabled the reconstruction
of high-quality 3D assets. Given these synergistic advance-
ments, the time is ripe for advancing the frontiers of 4D
object generation.

In the context of trajectory-conditioned generation, while
recent methods [3], [4] have achieved considerable progress
in generating 2D video under diverse trajectory conditions,
current frameworks [5] still struggle to generate complex 4D
dynamic objects with precise trajectory control. Commonly,
if in-place 4D motion—originally synthesized under a fixed
viewpoint—is directly mapped to complex trajectories via
rigid spatial transformations, a misalignment between local
motion and global displacement inevitably arises. This is of-
ten manifested as unnatural motion artifacts, such as the foot-
sliding effect. Therefore, trajectory-conditioned 4D object
generation represents a more formidable task than traditional
4D generation, carrying significant implications for steering
future research in dynamic scene synthesis.
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The generation of 4D objects introduces a temporal dimen-
sion in addition to spatial dimensions. Consequently, as the
complexity of object motion increases, the computational re-
sources required for object generation increase substantially.
Using implicit representations (e.g., NeRF [1]) to model 4D
objects can achieve high generation quality, but generating
a single dynamic object typically requires extensive time
for training neural radiance fields [6]. Furthermore, due to
the inherent properties of implicit representations, editing
and controlling the motion of generated objects is relatively
challenging. In contrast, explicit representations, such as
3DGS [2], offer a promising alternative to significantly
enhance modeling efficiency. However, high-precision 3DGS
objects consist of dense Gaussian primitives, making the
optimization of static 3DGS models for dynamic effects
highly hardware-dependent.

To address these challenges, we propose a trajectory-
conditioned 4D Gaussian generation framework leverag-
ing control point optimization.This approach facilitates the
generation of high-precision 4DGS models, achieving an
favorable trade-off between visual quality and computational
efficiency in 4D object generation. The primary characteris-
tics of our proposed method are illustrated in Fig. 1.

Given a 3DGS model of any size and a motion trajec-
tory of any length, we first decompose the global motion
into trajectory motion and local deformation. To solve the
difficulty of generating long trajectories, we split the long
trajectory into several short segments via decomposition. For
each trajectory segment, we enploy a joint-sampling policy
to extract key control nodes, whose positions are optimized
through a HexPlane-based [7] deformation field during train-
ing. Subsequently, the deformation of these control nodes
serves as a reference for the overall Gaussian deformation
via k-Nearest Neighbor (kNN) interpolation. Finally, we
incorporate the trajectory motion into the deformed 4D
Gaussian Spaltting model for rendering, and compute the
guidance loss distilled from the VideoCrafter [8] decoder to
optimize the deformation network. Representative examples
are presented in Fig. 2.

In summary, our key contributions are as follows:
• We propose an efficient framework for trajectory-

conditioned 4D dynamic Gaussian generation, which
successfully handles complex and extended trajectories
through trajectory decomposition.

• We introduce a local motion optimization strategy
leveraging sparse control nodes and a HexPlane-based
deformation field, effectively bridging the gap between
discrete 4DGS representations and continuous motion
synthesis.
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Fig. 1: Efficient TC4DGS. Our method efficiently generates high-quality 4D dynamic objects under trajectory control. The
main features of our method include strict track following, superior multiview consistency and remarkable computational
efficiency achieved through our control-nodes design.

• Extensive experiments demonstrate that our method
achieves superior visual fidelity and motion coherence
while achieving up to 13× speed-up in training effi-
ciency under identical experimental settings.

II. RELATED WORK

Diffusion-based image and video generation. Diffusion
models have emerged as a dominant approach in media
generation by modeling semantic information from images
through iterative forward noise addition and reverse denois-
ing processes [9]–[11]. Stable Diffusion [10] represents a
landmark contribution in diffusion-based generation, employ-
ing latent diffusion to compress high-dimensional images
into a compact latent space. This approach effectively cap-
tures essential image information while significantly reduc-
ing computational complexity.

In the domain of video generation, diffusion-based frame-
works have similarly witnessed extensive adoption. Stable
Video [12] and VideoCrafter [8] advance temporal consis-
tency and visual quality in text-driven video generation by
enhancing diffusion-based editing mechanisms and decou-
pling appearance from motion at the data level, respectively.
These methods provide robust temporal priors that are in-
strumental for downstream 4D generation tasks.

4D generation. The emergence of 3D reconstruction and
generation frameworks such as Neural Radiance Fields [1],
[13], [14] and 3D Gaussian Splatting [2], [15], [16] has
revolutionized the generation of high-quality static 3D assets.
However, research focusing on the generation of high-quality
4D objects remains relatively limited.

HexPlane [7] represents a foundational representation

for 4D object modeling, establishing a feasible theoretical
framework by projecting 4D spatio-temporal volumes onto
multiple orthogonal planes. Building upon the concept of
explicit dynamics, SCGS [17] proposes a pipeline that opti-
mizes dynamic Gaussians via a sparse set of control points.
Specifically, it extracts control points of moving objects from
video data and subsequently trains a control point-based
deformation network through control point sampling and
Gaussian rendering, thereby enabling precise reconstruction
of dynamic objects.

We have noted several text-to-video-based 4D generation
methods, such as [18], [19], which leverage video diffu-
sion models to synthesize deterministic reference videos.
These methods subsequently optimize a 4D deformation
field to spatio-temporally align with the generated video
priors. DG4D [20] introduces a pipeline for lifting text
or images into 4D Gaussian objects. Its core mechanism
involves utilizing diffusion-based supervision to regularize
the HexPlane-based deformation of static Gaussian models.
These approaches have established a robust foundation for
subsequent research.

Trajectory-conditioned generation. With the emergence
of variants of diffusion models like ControlNet [21], the
prospects of trajectory-guided video generation have become
highly promising. Nevertheless, current video diffusion mod-
els still exhibit significant limitations in generating long-
duration sequences, particularly those featuring moving ob-
jects under explicit trajectory constraints [22]–[24]. These
limitations often prevent them from meeting the requirements
of trajectory-conditioned 4D generation tasks. Furthermore,
constructing complex multi-object scenes governed by dis-
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Fig. 2: Examples. Our method is capable of generating
diverse 4D objects following text prompts.

tinct trajectories remains a formidable challenge. [25]–[27].
TC4D [6], the prior SOTA in this domain, addresses the

problem by partitioning global trajectories and employing
VideoCrafter as segment-wise supervision. This allows for
the optimization of a 4D NeRF representation, facilitating the
generation of trajectory-consistent dynamic content. How-
ever, inherent to the implicit nature of NeRF, TC4D suffers
from relatively slow generation speed, prohibitively high
computational overhead, and limited editability.

III. SYSTEM DESIGN

Our 4D generation pipeline can be divided into two
phases: static model generation phase and dynamic defor-
mation generation phase. While the former leverages an
open-source framework for initial 3DGS generation, the
latter achieves state-of-the-art dynamic trajectory generation
performance even under strict VRAM constraints. This is
underpinned by the synergistic integration of several key
designs: a HexPlane-based deformation field, motion inter-
polation via sparse control nodes, trajectory decomposition
and temporal perturbation sampling. An overview of the
structure is illustrated in Fig. 3, while the underlying logic
is formalized in Algorithm 1.

A. HexPlane-based deformation field

To endow static models with deformable capabilities,
we attach additional deformation field parameters to 3D
Gaussian Splatting models.

For the deformation field, we adopt a HexPlane architec-
ture following Dream Gaussian 4D [20], which efficiently
represents the 4D spatio-temporal volume by projecting it
onto six orthogonal 2D planes. By representing the 4D field
as a weighted sum of a set of learnable 4D basis functions, it
naturally imposing a smoothness constraint during optimiza-
tion. We input the 4D coordinates (x, y, z, t) of Gaussians
into the HexPlane representation to obtain their grid features,
and then derive deformation information, such as positional
displacement, rotational changes and scaling changes, via an
MLP decoder. Empirical results indicate that for our task, the
optimization efficiency of the HexPlane-based deformation
field is improved by five times compared to that of a naive
MLP-based deformation field, while maintaining superior
deformation consistency.

B. Motion interpolation of key control nodes

High-quality 4D Gaussian objects often feature dense
pointcloud-like representations. For instance, a single Gaus-
sian model generated by LucidDreamer may comprise up-
ward of one million Gaussian primitives. Under such condi-
tions, the direct optimization of high-dimensional Gaussian
deformation fields via diffusion priors remains computation-
ally prohibitive and prone to optimization instability.

Since the dynamics of complex 3D entities generally
adhere to underlying structural priors—such as articulated
skeletal constraints—rather than exhibiting stochastic behav-
ior, the unconstrained optimization of a global Gaussian
deformation field may prove both computationally inefficient
and parametrically redundant. Furthermore, due to the insta-
bility of diffusion loss, when high-quality Gaussian objects
possess intricate texture features (e.g., spots and stripes),
directly optimizing global Gaussian deformations may lead
to severe texture distortion.

Thus, we initialize the deformation fields only for a sparse
set of key control nodes. By optimizing the deformation
fields of control nodes and then using the kNN algorithm
to interpolate and control global Gaussians, we address
the challenge of optimizing large scale global Gaussians.
Meanwhile, since global Gaussians within the same spatial
proximity are likely to be controlled by identical Gaussian
control points, thereby exhibiting similar deformation charac-
teristics, our design significantly mitigates texture distortion.

Eq. (1) indicates the specific calculation process of the
deformation of Gaussians, where d represents the deforma-
tion of an arbitrary Gaussian point (x, y, z) at time t. pi
denotes the i-th nearest control node identified via kNN
search, and deform(pi, t) gives the deformation of pi at
time t, computed using the HexPlane-based deformation
field mentioned above, and ri gives the distance between
pi and the Gaussian point. We assume that the smaller the
r-value, the greater the influence of the control node on the
Gaussian point. Thus, via an exponential operation with base
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Fig. 3: Overall structure of Efficient TC4DGS. We take a text prompt and a trajectory as input, utilizing Trellis [28] as
the core 3DGS generation engine. Then, Anymate sampling is employed to extract control nodes from the static Gaussian
point cloud. We apply a HexPlane-based deformation network to get the 4D representation. After rendering videos from the
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Fig. 4: Node-controlled motion interpolation. The defor-
mation of dense Gaussians is computed by aggregating the
deformation of k nearest control nodes with distance bias
e−ri and weight bias wi.

e, we scale the numerical range of the r-value’s influence
on the Gaussian point to the interval [0, 1]. Furthermore,
we use wi as a learnable weight to dynamically adjust the
control strength of each control node. Fig. 4 illustrates the
process of computing Gaussian deformation via control node
interpolation at k = 2.

d(x, y, z, t) =

k∑
i=0

(wi ∗ e−ri ∗ deform(pi, t)). (1)

Specifically, for control node initialization, we leverage
Anymate [29], a framework designed for 3D model rigging

that utilizes a fine-tuned Point-BERT [30] architecture. This
approach has demonstrated outstanding performance across
multiple tests. In our dynamic generation task, the Anymate
Sampling strategy significantly outperforms the baseline
Farthest Point Sampling (FPS) approach. Consequently, we
integrate the Anymate framework for automated rigging,
utilizing the derived joint coordinates as the initial control
points for our deformation field.

C. Trajectory decomposition

As noted in TC4D, we face two primary challenges
in generating motions for complex and long trajectories,
namely: 1) Long trajectories may exceed the optimization
length constraints of video diffusion models; 2) Basic video
diffusion models have limited capability to optimize video
of moving objects with complex trajectories.

To address these two challenges, we decouple global
motion into local motion within the object’s motion bounding
box and global displacement outside this bounding box. For
global displacement, we implement a chunk-based optimiza-
tion strategy with overlapping segments to ensure tempo-
ral continuity. Specifically, we derive a smooth trajectory
function via spline interpolation based on the key points
of the given trajectory. For each timestamp, we sample
on this spline function to acquire the center coordinates
of the 4D object. Within each chunk, we use the U-Net
decoder of the video diffusion model to denoise each video
clip, thereby achieving optimization of local motion without
generating reference videos. To further enforce multi-view
consistency, we perform random azimuthal rotations on the
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camera position for Gaussian rendering at each training
iteration.

In Eq. (2), M represents the global pose of the model at
time t. T denotes the global translation at time t given by the
spline function; R is the rotation matrix transforming p̂ to T ′,
where p̂ denotes the frontal orientation of the static model
at t = 0 and T ′ = dT/dt denotes the tangent vector of the
spline trajectory. In the equation, p represents all coordinates
of the static Gaussian model.

M(p, t) = T(t) + R(p̂, T ′)p. (2)

D. Temporal perturbation sampling

We observe that two parameters directly influence the
optimization results when using video diffusion models to
optimize video motion, namely the motion timespan and the
time interval between adjacent frames.

While an extended motion duration facilitates the op-
timization of continuity and global consistency, a higher
temporal resolution—characterized by smaller inter-frame in-
tervals—permits the diffusion model to execute fine-grained
adjustments, thereby mitigating local motion artifacts. Since
both requirements demand greater VRAM support, GPU
devices frequently face the challenge of balancing motion
timespan and frame interval, as it is difficult to optimize
both parameters simultaneously.

We propose a training strategy based on temporal pertur-
bation sampling. During two stages of training, we applied a
small-range random perturbation to the motion timestamps.
By introducing these random perturbations to the temporal
inputs of the deformation field throughout the various opti-
mization phases, we effectively regularize the model. This
approach bolsters the deformation field’s temporal robust-
ness and enhances its generalization to dynamic variations,
ensuring smoother transitions and preventing the model from
overfitting to discrete timestamps.

Through this sampling strategy, we achieve significantly
more fine-grained motion optimization. Furthermore, this
approach enables the synthesis of 4D Gaussian objects
with arbitrarily high frame rates. By querying the learned
deformation field at arbitrary temporal offsets, our method
facilitates seamless interpolation and stable rendering.

E. Loss design

We employ the VSDS loss provided by a video diffusion
model as the primary supervisory signal, facilitating stable
and consistent convergence of the deformation field.

Specifically, given a random viewpoint o, a video sequence
vo is rendered from the 4D Gaussian model parameterized
with θ. Then, depending on the diffusion timestamp t, a
random noise ϵ is added to the video.The precise definition
of VSDS loss is given by Eq. (3).

∇θLVSDS = Et,ϵ,o[(ϵ̂(vt,o, t,y, o)− ϵ)
∂vo

∂θ
]. (3)

The expectation E is calculated by all timestamps, noise
and viewpoint. ϵ̂ is the noise predicted by the video diffusion
model based on the diffusion timestamp t, the text embedding

Algorithm 1 Efficient TC4DGS

Require:
P3D ▷ Static 3DGS representations
N ▷ Control Nodes initialized with Anymate
T ▷ Global trajectory parameterized with a spline
D ▷ Initial deformation field parameterized with θ

Output:
D∗ ▷ Optimized HexPlane-based deformation field

1: Sample pi and pi+δt from T
2: Apply rigid transform by Eq. (2)
3: Calculate local deformation P∗

4D by two steps
• Apply D to control nodes N so that we can get the

deformation of nodes deformN

• Calculate deformation of P3D by Eq. (1) therefore
get P∗

4D

4: Combine rigid tansform and local deformation to get
global transformation P4D

5: Render video from P4D with differential Gaussian ras-
terization

6: Calculate ∇θL4D and ∇θLquality by Eq. (3) and Eq. (4)
7: Update D
8: Repeat steps 1-7

y and a random viewpoint o, while ∂vo

∂θ stands for the
gradient of the rendered video vo with regard to θ.

Furthermore, we use auxiliary losses including track loss,
ARAP loss, and SSIM loss jointly to help optimize the
deformation field as Eq. (4), Eq. (5), Eq. (6), and Eq. (7).

∇θLassist = λtrackLtrack + λarapLARAP + λssimLSSIM, (4)

Ltrack = ||P∗
4D||1 =

n∑
i=1

(|∆xi|+ |∆yi|+ |∆zi|), (5)

LARAP =
∑
i

∑
j∈N (i)

||(p
′

i − p
′

j)−Ri(pi − pj)||22, (6)

LSSIM = 1− (2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
. (7)

The track loss is designed to regularize the motion of non-
critical Gaussians by quantifying the spatial drift between
their canonical coordinates and their deformed positions at
a specific time step. Specifically, Eq. (5) defines this loss
as the L1 penalty applied to the spatial coordinate offsets,
thereby promoting sparsity in unnecessary displacements.

ARAP loss [17] alleviates excessive local deformation
distortion during deformation optimization by constraining
displacement changes between control points while allowing
rotational changes. As shown in Eq. (6), N (i) denotes the
set of the k nearest neighbors of node i. pi and pj are the
original coordinates of nodes i and j, respectively, while
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p′
i and p′

j denote the corresponding deformed coordinates.
The term Ri denotes the optimal local rotation matrix
associated with node i. This formulation ensures that the
local neighborhood undergoes a transformation that is as
close to a rigid body motion as possible.

SSIM loss calculates structural differences between im-
ages, thereby reducing local texture distortion and unneces-
sary deformation. In Eq. (7), x,y refers to the rendered image
of 4D Gaussians for each frame and that of static Gaussians

IV. EXPERIMENTAL RESULTS

We conducted a series of experiments to verify the effec-
tiveness of our core method, including ablation experiments
on each core component, comparative experiments with
the previous SOTA method TC4D and human evaluations.
Among these, quantitative metrics were basically provided
by VideoScore [31], a video quality assessment approach
based on multimodal large language models. The overall
results can be seen from Table I. As detailed in Table I, we
evaluate the generated videos across three primary dimen-
sions. Visual Quality assesses the overall perceptual fidelity
of the video, which is heavily dependent on texture details
and spatial resolution. Dynamic Degree evaluates the natu-
ralness and fluidity of temporal movements and structural
deformations. Finally, text-to-video Alignment measures the
semantic consistency between the generated visual content
and the conditioning text prompt.

All our method was trained under 24GB VRAM unless
otherwise stated, as higher VRAM provide relatively mi-
nor advantage. Ours∗ demonstrates the performance of our
method while training for as long as TC4D.

A. Ablation study

First, we conduct comprehensive ablation studies to val-
idate the effectiveness of our combined loss formulation.
Fig. 5 presents qualitative comparisons illustrating the visual
impact of each key component.

In experiments, when the track loss was set too small or
not used at all, it led to a corner case where the Gaussian
model completely deviated from the camera’s rendering
perspective during dynamic optimization, thereby causing
optimization failure. When λtrack was set above a threshold
related to the model scale, trajectory deviation issues can be
largely avoided. Further increasing λtrack can almost com-
pletely eliminate trajectory deviation. However, this came
at the cost of reduced motion quality. Empirically, setting
the weight λtrack to 1000 strikes an optimal balance between
tracking fidelity and dynamic realism.

As demonstrated in Table I, applying an appropriate ARAP
loss effectively regularizes local deformations, yielding no-
ticeable improvements in both temporal consistency and
structural plausibility. Conversely, an excessively high ARAP
penalty over-constrains the model, thereby degrading its
overall dynamic realism. In practice, we set the weighting
factor λarap within the range of [100, 1000], depending on
the specific object category.

𝜆!"!# = 100 𝜆!"!# = 10000 (Static)

𝜆$$%& = 100 𝜆$$%& = 10000 (Static)

𝜆!"#$% = 1000

𝜆!"#$% = 10

Given Track

𝜆$$%& = 0

𝜆!"!# = 0

Fig. 5: Ablation study on main loss design. The SSIM
loss reduces overall motion distortion and texture loss. The
ARAP loss enhances the ability to control exaggerated tensile
deformation while maintaining a proper amount of rotational
deformation. The track loss keeps the object close to the
given trajectory.

Qualitatively, an appropriate configuration of SSIM loss
can reduce unnecessary and unnatural deformation of the
model. Quantitatively, SSIM loss can improve visual quality
and text-to-video alignment. Similarly, an excessively large
SSIM loss configuration causes the model to degrade dy-
namic quality, making it tend to be static overall. We find an
appropriate λssim to be among 100 to 1000.

B. Comparative experiments with TC4D

We conducted quantitative comparisons with TC4D across
10 use cases under both low and high VRAM conditions.
The experiments were performed under two distinct hardware
configurations representing high and low VRAM regimes: an
NVIDIA H20 GPU (96GB VRAM) and an NVIDIA RTX
3090 GPU (24GB VRAM).

Our results were all trained with the RTX 3090 GPU since
we found that our method performed similarly under low and
high VRAM. Fig. 6 indicated that we achieved significantly
higher dynamic quality than TC4D under both high and low
VRAM settings. This outcome underscores the efficiency of
our approach, effectively liberating long-duration 4D video
generation from its traditional dependence on high-end in-
dustrial GPUs. By decoupling sequence length from memory
overhead, our method facilitates high-fidelity 4D synthesis on
consumer-grade hardware without compromising temporal
coherence or motion complexity.

To minimize the impact of static models on evaluations,
we used Trellis’s Image-to-3D method to reconstruct the
models generated in TC4D’s Stage 2. However, due to the
limitations of the Image-to-3D method, the static models
we generated inevitably lag behind TC4D to some extent
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TABLE I: Quantitative Results by VideoScore and Human. Ours∗ demonstrates the performance of our method when
training for as long as TC4D.

Method Visual Quality Dynamic Degree Text-to-Video Alignment Time

Ours (RTX 3090) 2.438 3.039 2.563 2h
Ours∗(RTX 3090) 2.422 3.047 2.578 25h
TC4D (RTX 3090) 2.547 2.821 2.453 26h
TC4D (H20) 2.500 2.852 2.453 26h

Ours 2.531 3.016 2.719 –
w/o track loss (fail) – – – –
w/o ARAP loss 2.516 3.031 2.703 –
w/o SSIM loss 2.312 3.031 2.391 –

Human test (Ours) 3.00 2.33 2.89 2h
Human test (Ours∗) 2.67 4.33 4.00 25h
Human test (TC4D) 4.56 2.44 3.33 26h

TC4D (H20, 26h)

Ours (RTX 3090, 2h)

Ours (H20, 2h)

TC4D (RTX 3090, 26h)

“A deer
walking”

“A seagull
flying”

“A woman
with red dress

walking”

“A man with
yellow suits
walking”

“A corgi
running”

“An astronaut 
riding a horse”Fig. 6: Comparative experiments with TC4D. We achieve

similar visual quality and superior dynamic with significantly
higher efficiency.

in terms of visual quality, as is shown in Table I.

C. Human evaluation

To further validate the subjective quality of our results, we
conducted an extensive human evaluation involving both peer
researchers and diverse non-expert volunteers. The video
shown to the volunteers was generated with RTX 3090.
As Table I shows, it is obvious that we achieved similar
visual quality and dynamic quality with much lower cost of

VRAM, which basically matches the result of VideoScore.
The marginal discrepancy between VideoScore and human
ratings likely stems from inherent variances in subjective
perception, particularly differing sensitivities to temporal
artifacts versus static textural details. Notably, when the
training duration of our framework is extended to match that
of TC4D (Ours∗), we achieve significantly superior perfor-
mance across more qualitative dimensions, underscoring the
efficiency and scalability of our optimization strategy.

V. CONCLUSION AND FUTURE WORK

We propose a pipeline for generating high-fidelity 4D
Gaussian objects using text, image, and trajectory infor-
mation as inputs. By means of trajectory decomposition,
HexPlane-based deformation field design, motion interpola-
tion of control nodes, along with temporal perturbation sam-
pling, we have achieved state-of-the-art generation efficiency
and motion performance.

Future work can be carried out from the following perspec-
tives. First, to ensure the rigor of comparative experiments,
we employed VideoCrafter as the baseline video generation
model for supervision following TC4D. Replacing the video
supervision model with improved frameworks such as [32],
[33] is expected to further enhance the performance of
dynamic optimization. Second, although the control points
sampled by Anymate exhibit less redundancy compared to
those from FPS sampling, thus providing better control, our
experiments reveal that the Anymate initialization method
still introduces a substantial number of redundant control
points unrelated to motion. This may constitute a bottleneck
for further improving motion quality. Future work could
explore the incorporation of real-time pruning and splitting
of control points during training. Lastly, our work focuses on
generating moving objects that adhere to trajectory specifica-
tions and does not address background modeling [34]–[36].
Integrating trajectory-conditioned object generation into 3D
environments in a semantically coherent manner presents a
challenging yet promising direction for future research.
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