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Abstract

The advancements in diffusion models for 2D and 3D
content creation have sparked a surge of interest in
generating 4D content. However, the scarcity of 3D
scene datasets constrains current methodologies to pri-
marily object-centric generation. To overcome this limita-
tion, we present Comp4D, a novel framework for text-to-
compositional 4D scene generation. Unlike conventional
methods that generate a singular 4D representation of the
entire scene, Comp4D innovatively employs a decompose-
then-recompose strategy, constructing each 4D component
within the scene separately. The framework first decom-
poses a textual input prompt into multiple object compo-
nents and delineates their moving trajectories. After initial-
izing the static 3D objects, we construct the compositional
4D scene by accurately positioning these objects along their
designated paths. To refine the scene and motion, our
method proposes a novel compositional score distillation
technique involving trajectory-guided and object-centric
sampling, utilizing pre-trained diffusion models across text-
to-image, text-to-video, and text-to-3D domains for opti-
mization. Extensive experiments demonstrate our supe-
rior 4D content creation capability compared to prior arts,
showcasing superior visual quality, motion fidelity, and en-
hanced object interactions.

1. Introduction

The advancements in image and video diffusion models [25,
29, 31, 32] have significantly transformed generative AI
by streamlining digital content creation. Traditional com-
plex and expertise-dependent pipelines are being replaced
by generative models capable of bringing sophisticated con-
cepts to life from simple text prompts. This progress has
also been extended to 3D generation, where score distilla-
tion techniques [22, 26, 34, 41, 42, 48] repurpose 2D dif-
fusion models for 3D content synthesis. In parallel, video
diffusion models are opening new directions for 4D gener-
ation. Recent methods typically rely on supervision from

text prompts [2, 21, 35, 53, 56], images [19, 30, 53, 55], 3D
models [53, 56], or monocular videos [11, 30, 53], to guide
the generation process.

Despite these advancements, existing 4D generation
methods are primarily object-centric and limited in the qual-
ity and realism of the synthesized motions. They often
synthesize isolated objects (or multiple objects as a whole)
constrained to limited motion within a confined region,
overlooking global scene-level dynamics, including inter-
object interactions and relative displacements. This limi-
tation stems from the lack of comprehensive datasets that
capture dynamic multi-object scenes. For example, Obja-
verse [7], widely used for 4D model training [22, 34], con-
sists mostly of single objects at the world origin with mini-
mal motion. As a result, current models struggle to generate
scenes with realistic multi-entity dynamics. In this work,
following [36], we define a ”scene” as an environment com-
posed of multiple objects, their spatial relationships, and
dynamic interactions. To advance more realistic 4D scene
generation, we extend the motion modeling from generat-
ing localized, object-centric motion of individual objects to
modeling the global, scene-level dynamics and interactions
between multiple objects in compositional environments.

To this end, we introduce Comp4D, the first frame-
work for compositional 4D scene generation from text. Un-
like prior methods that tightly synchronize object move-
ments with the camera or focus only on local deforma-
tion, our framework models both global displacements be-
tween objects and local deformations of individual ob-
jects. To achieve this, we propose a novel decompose-then-
recompose strategy that disentangles the compositional 4D
scene generation into two stages: scene decomposition
for constructing individual static 3D assets, and scene re-
composition with motion modeling. In our framework, ob-
ject motions are factorized into (1) global displacements,
which describe inter-object positioning and movement
across the scene, and (2) local deformations, which capture
object-specific dynamics such as articulation or bending.
We leverage a large language model (LLM) or manual an-
notations to generate kinematics-based trajectories that gov-
ern each object’s global displacements. This factorization is
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critical, as it alleviates the computational load on the defor-
mation modules of 4D models, allowing them to concen-
trate on learning detailed local dynamics. Score distillation
sampling (SDS) is utilized to optimize the motions with pre-
trained image and video diffusion models. However, recom-
posing multiple moving objects in a shared 3D space intro-
duces challenges such as frequent occlusions, which makes
SDS-based training unstable [6, 41, 43]. To address this, we
propose formulating each object as disjoint 3D Gaussians
and introducing a novel compositional score distillation
mechanism. This mechanism selectively renders either par-
tial objects or the entire scene during motion optimization.
Such a strategy proves to provide a powerful augmentation,
improving the motion fidelity of each object, especially in
scenarios where occlusions between objects are prevalent.

The generation of our 4D scene is conducted through the
following steps. Given an input text description, we first
leverage an LLM to decompose the scene by extracting en-
tities and determining their attributes, such as scale. Static
3D objects are individually constructed using pre-trained
3D-aware diffusion models. Meanwhile, we can manually
or take advantage of the LLM to design kinematics-based
trajectory functions to guide the global displacement of
objects. Subsequently, we re-compose the 4D scene with
comprehensive motion learning. Each object’s deformation
field is optimized via the novel compositional score distilla-
tion, with objects moving along the pre-defined trajectories.
Our key contributions can be summarized as follows.

• We introduce Comp4D, the first framework that achieves
Compositional 4D scene generation from text prompts.
By decomposing scenes into individual 3D objects and
explicitly modeling their interactions, Comp4D moves
beyond single-object generation to model global dynam-
ics and interactions between multiple entities in a scene.

• We propose factorizing the motions of objects into global
displacements and local deformations. Global displace-
ment is guided by kinematics-based trajectories, either
manually defined or generated by an LLM, allowing the
4D representation to focus on learning object-specific dy-
namics. The LLM facilitates effective and robust scene
decomposition and trajectory design.

• Comp4D recomposes the scene by modeling motions
with a novel compositional score distillation sampling,
incorporating trajectory-guided and object-centric opti-
mization. This design enables flexible switching be-
tween partial-object and whole-scene renderings, facili-
tating stable optimization of object appearance and mo-
tion even in scenarios involving occlusions.

• Extensive experiments demonstrate that Comp4D outper-
forms existing baselines in text alignment, visual quality,
motion realism, and inter-object interaction, establishing
a new standard for compositional 4D scene generation.

2. Related Works

2.1. 4D Content Creation
Text-guided diffusion models have advanced image and
video synthesis, but limited large-scale 3D data hinders
3D generation. Score distillation sampling (SDS) [35] pi-
oneers text-to-4D generation using NeRFs with HexPlane
features. 4DFY [2] fuses image, video, and 3D-aware su-
pervision for text-driven 4D synthesis. Consistent4D [11]
addresses video-to-4D using RIFE [9] and super-resolution.
AYG [21] introduces dynamic 3D Gaussians with a defor-
mation field to disentangle motion from structure. [30, 53]
further refine the quality of motion and texture. [15, 19, 54]
generate 4D objects via multi-view consistent image diffu-
sion. However, these works remain object-centric due to
constraints in 3D-aware diffusion models. In contrast, our
work is the first to tackle compositional 4D scene genera-
tion involving multiple interacting objects.

2.2. 4D Scene Representation
Building 4D scene representation allows for rendering
novel views of dynamic objects. Recently, 3D Gaussian
Splatting (3D-GS) [13] has shown advantages in both
effectiveness and efficiency for 4D representation, lead-
ing to multiple directions to model temporal dynamics.
Katsumata et al. [12] and 4DGS [44] define scales, po-
sitions, and rotations as functions of time while leaving
other time-invariant properties of the static 3D Gaussians
unchanged. Another direction involves directly extending
3D Gaussians to 4D with temporal slicing [8, 51]. There
are also works leveraging a separate function to model
the dynamic distribution of attributes’ deformation for
3D Gaussians [18, 20, 47]. In this work, we adopt 3D
Gaussians for our 3D content representation and use an
additional Multi-layer Perceptron (MLP) to deform each
set of 3D Gaussians. This disentangled 4D representation
allows us to construct the static scene first and then focus
on modeling the object’s deformation.

2.3. Reasoning from Large Language Models
LLMs have emerged as a natural tool for real-world reason-
ing tasks [10, 16, 23, 28]. A popular approach to improv-
ing the reasoning capabilities of LLMs is to fine-tune mod-
els on domain-specific tasks [49]. Moreover, recent studies
have explored techniques for incorporating multimodal in-
formation, such as images and videos, to enhance contex-
tual understanding and improve the robustness of language
models [33, 38]. Recently, LLMs have been used for gener-
ating trajectories in robotics applications. In [5, 14], dense
trajectories were generated for a manipulator by an LLM in
a zero-shot manner, demonstrating the potential of LLMs
in trajectory generation. In this work, LLMs are used to
generate trajectories of objects for 4D scene construction.

3568



Figure 1. An overview of our proposed Comp4D. Given an input text description, we first perform scene decomposition and obtain multiple
individual 3D components. We also design the object trajectories, which guide the global displacements of objects in a compositional 4D
scene. Thanks to the Gaussian-based 4D representation, we propose a compositional score distillation that switches between object-centric
rendering and trajectory-guided scene rendering flexibly at each training iteration.

3. Method
In this section, we illustrate the components of our
proposed method in detail (Fig. 1). We start by intro-
ducing some preliminaries (Sec. 3.1) on 3D Gaussians
and score distillation sampling. Then we introduce our
decompose-then-recompose strategy and compositional
4D scene representation (Sec. 3.2). We later illustrate
the compositional score distillation involving multiple
diffusion models (Sec. 3.3). Finally, we discuss how we
leverage LLMs for scene decomposition including scale
assignment and trajectory design (Sec. 3.4).

3.1. Preliminaries
3D Gaussian Splatting 3D Gaussian Splatting (3D-
GS) [13] parameterizes a 3D scene as a set of 3D Gaus-
sians. Each Gaussian is defined with a center position µ,
covariance Σ, opacity α, and color c modeled by spheri-
cal harmonics. Unlike implicit representation methods such
as NeRF [24], which renders images based on volumetric
rendering, 3D-GS renders images through a tile-based ras-
terization operation and achieves real-time rendering speed.
Starting from a set of points randomly initialized in the unit
sphere, each point is designated a 3D Gaussian, which can
be queried as follows:

G(x) = e−
1
2
(x−µ)TΣ−1(x−µ), (1)

where x is an arbitrary position in the 3D scene. During the
rendering process, the 3D Gaussians G(x) are first trans-
formed to 2D Gaussians G

′
(x) on the image plane. Then

a tile-based rasterizer is designed to efficiently sort the 2D
Gaussians and employ α-blending:

C(r) =
∑
i∈N

ciσi

i−1∏
j=1

(1− σj), σi = αiG
′(r), (2)

where r is the queried pixel position, N denotes the number
of sorted 2D Gaussians associated with the queried pixel, ci
and αi denote the color and opacity of the i-th Gaussian. In
our experiments, we empirically simplify the color of Gaus-
sians to diffuse color for the sake of efficient training.

Score Distillation Sampling Current methodologies for
text-to-3D or 4D generation typically involve iterative opti-
mization of a scene representation with supervisory signals
from pre-trained diffusion models [26, 42]. Initially, ren-
dering of the 3D or 4D scene is acquired in the form of an
image or sequence of images. Random noise is added to
the rendered images, and a pre-trained diffusion model is
employed to de-noise the images. The estimated gradient
from this process is utilized to update the 3D or 4D rep-
resentations. Specifically, employing a 3D representation
parameterized by θ and a rendering method g, the rendered
images are generated as x = g(θ). To align the rendered
image x with samples obtained from the diffusion model ϕ,
the diffusion model employs a score function ϵ̂ϕ(xt; y, t) to
predict a noise map ϵ̂, given the noise level t, noisy input
xt and text embeddings y. By evaluating the difference be-
tween the Gaussian noise ϵ added to the rendered images
x and the predicted noise ϵ̂, this score function updates the
parameter θ with gradient formulated as:

∇θLSDS(ϕ, x = g(θ)) = w(t)(ϵ̂ϕ(xt; y, t)− ϵ)
∂x

∂θ
, (3)

where w(t) is a weighting function. Using SDS for 4D gen-
eration requires coordinated guidance to achieve realistic
outcomes in terms of appearance, 3D structure, and mo-
tion [2]. This often involves the utilization of hybrid SDS,
which combines both image-based and video-based diffu-
sion models [21]. For our compositional 4D scene genera-
tion task, we develop a compositional SDS technique that is
applied to a varying number of assets in the scene.
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3.2. Compositional 4D Representation

We develop a decompose-then-recompose strategy to build
compositional 4D scenes. Given a text description, we first
decompose the description into multiple assets that make
up the scene. Each asset is assigned a scale and a moving
trajectory, either manually or through LLM models. The 4D
scene is then constructed by recomposing these individual
objects. In Fig. 1, we use two objects for illustration. Our
framework is easily applicable to more objects.

For each object, we utilize a set of static 3D Gaussians
along with an MLP-based deformation network. The MLP
network takes in (x, y, z, t) coordinates as input and outputs
the 3D deformation of point locations. Following previous
works [24, 37], the input coordinates are processed with po-
sitional encoding as a 32-dimensional vector to enable high-
frequency feature learning. This architecture design sup-
ports decoupled learning of the static attributes of an object
(e.g. geometry and texture) and the local motion informa-
tion. We start our training stage by optimizing the static 3D
Gaussian attributes. Once they converge, we introduce the
deformation field and freeze partial 3D Gaussian attributes
(i.e. covariance, opacity, and color) to stabilize the training
process. However, naively optimizing the deformation field
leads to unpleasant results. This is primarily because the
MLP modulates each point location individually, ignoring
the overall rigidity of the object. Similar to AYG [21], we
adopt rigidity constraints to ensure that the deformation of
each Gaussian is consistent with its k-nearest neighbors,

Lrigidity(x) =
1

k

k∑
i=1

||∆x −∆xNNi
||. (4)

Moreover, to avoid flickering motion, we introduce addi-
tional regularization loss components that penalize sudden
changes in the acceleration of each 3D Gaussian,

Lacc(x, t) = ||∆x,t +∆x,t+2 − 2∆x,t+1||. (5)

For the whole scene optimization, thanks to the explicit
nature of 3D Gaussians, at rendering time, we can selec-
tively render a single object or multiple objects, and perform
compositional SDS. This enables direct and better supervi-
sion over the motion learning of each object as well as their
interactions. Meanwhile, since the objects are separately
represented as 3D Gaussians, we need explicit constraints
to prevent the objects from intersecting with each other. If
the objects have overlapping parts, the rendered image will
show collapsed shapes, resulting in unstable gradients from
score distillation. To this end, we draw inspiration from
CG3D [39] to incorporate a physics-based contact loss that
avoids the collision of multiple objects. For one object, we
ensure the contact angle θj for each 3D Gaussian with mean

µj to be acute:

θj = (cr − µi) · (µj − µi),

Lcontact = −θj [θj < 0],
(6)

where µi denotes the mean of Gaussians from another ob-
ject closest to µj , and cr is the center of the current object.

3.3. 4D Scene Optimization via Compositional
Score Distillation

We start the 4D scene generation by constructing each
static 3D component. In the subsequent whole scene op-
timization, we propose compositional SDS, which involves
trajectory-guided scene optimization and object-centric mo-
tion learning. We illustrate these parts in detail in the fol-
lowing sections.

Static 3D Object Construction To ensure both photo-
realism of texture and consistent geometry, we draw inspi-
ration from Magic123 [27] and 4DFY [2] to incorporate the
joint distillations of an image diffusion [31] and a 3D-aware
diffusion model [34]. Specifically, we adopt the weighted
combination of two sets of score distillation losses. Given a
batch of rendered image x and text embeddings y, the loss
function is formulated as follows,

Lstatic(x, y) = ω1(ϵsd(xt; y, t)−ϵ1)+ω2(ϵmv(xt; y, t)−ϵ2) (7)

where ω1 and ω2 are coefficients for the score distillation loss of
Stable Diffusion [31] and MVDream [34].

Trajectory-Guided Scene Optimization After the initial
construction of static 3D assets, we focus on the object’s motion
learning. At the scene level, the object’s motion can be decom-
posed into global displacement and local deformation. The global
displacement, represented by the moving trajectory, can be de-
signed manually or by LLMs. We sample uniformly from the tra-
jectory function, F (·), and obtain the object locations at arbitrary
timesteps ti. Objects are rotated accordingly such that their canon-
ical orientation faces toward the next location along the trajectory
−→
Ri = (F (ti+1)−F (ti)). Thanks to MVDream [34], which gener-
ates objects in their canonical orientation, our static stage produces
objects facing the same direction (e.g.

−→
R0 = (1, 0, 0)), ensur-

ing that our rotation strategy will produce objects moving towards
their head direction. Given normalized head direction A =

−→
R0

||
−→
R0||

and B =
−→̄
Ri−→̄
Ri

, the axis of rotation v is obtained as v = A × B.

The angle of rotation θ is determined by cos(θ) = A ·B. We then
obtain the skew-symmetric matrix K as follows,

K =

 0 −vz vy
vz 0 −vx
−vy vx 0

 , (8)

which is then used in Rodrigues’ rotation formula to obtain the
final rotation matrix R,

R = I+ (sin θ)K+ (1− cos θ)K2. (9)

3570



Figure 2. The pipeline for scene decomposition and trajectory design with LLMs. First, a scene description is provided by a human user
as a prompt to an LLM which yields the object components as well as the relative object scales. Subsequently, the LLM is prompted
with environmental constraints to return a trajectory function, which takes timestep as an input and returns the corresponding object’s
3D positions. After the collection of a set of positions, collision checking is performed to truncate the trajectory if any collision occurs.
Optionally, premature collisions can be mitigated by re-querying the LLMs for an improved trajectory function.

Thanks to the predefined trajectory, our framework supports dis-
tilling objects with long-range motion and multi-concept interac-
tions, which is difficult to achieve using previous baselines.

Besides global displacement, we utilize a deformation MLP
for each set of 3D Gaussian for local motion learning. To better
learn the deformation field, we leverage a text-to-video diffusion
model [1] to formulate the score distillation loss. Similar to dis-
tilling a static 3D object via an image diffusion model, score dis-
tillation via a video diffusion model ensures that the renderings
at consecutive frames form a natural video aligned with the text
prompt. As observed in previous works [2, 21], image diffusion
models usually generate a more realistic appearance compared to
video diffusion models. Therefore, we jointly distill the score from
image diffusion on individual frames to ensure texture quality. The
loss function can be formulated as follows,

Ltraj(x, y) = ωimg(ϵsd(xt; y, t)− ϵ1) + ωvid(ϵvid(xt; y, t)− ϵ2),
(10)

where x is the generated image sequence of the whole scene
and y is the text prompt. ωimg and ωvid are coefficients for the score
distillation loss from image- and video-based diffusion models.

Object-Centric Motion Learning The compositional de-
sign in our framework enables arbitrary combinations of objects
during rendering. At each training iteration, we flexibly choose to
render either the entire scene or selected subsets of objects. This
provides great flexibility in rendering scenes with diverse appear-
ances. Such diversity provides rich augmentations that are crucial
for the stable optimization of score distillation loss, particularly in
mitigating the negative impact of object occlusions on motion su-
pervision. When rendering partial objects for motion learning, we
modify the text prompt by removing references to inactive enti-
ties, ensuring focused learning of the active object’s deformations.
Following the whole scene optimization, we supervise the object-
centric motion learning with joint score distillation losses (Eq. 10).

3.4. LLM Guided Scene Decomposition and Trajec-
tory Design

We leverage large language models (LLMs) to automate the pro-
cesses of scene decomposition and trajectory design, thereby of-
floading complexity from the 4D representation and allowing
score distillation models to focus on learning realistic local de-
formations. The overall pipeline is illustrated in Fig. 2.

Scene Decomposition Given a text prompt, we first use an
LLM to decompose the scene into multiple components and give
distinct descriptions of each component. These descriptions are
directly used as prompts in object-centric motion learning. Since
most 3D-aware diffusion models are trained on normalized, unit-
scale synthetic assets, inferring the correct relative scale for each
object becomes crucial for a realistic and reasonable composition
of the scene. Recent studies [4, 17] show that LLM (e.g. GPT-4)
demonstrates a remarkable ability to reason with common sense
knowledge. Therefore, LLM is further prompted to make reason-
able assumptions of the relative scale of the objects. The inferred
relative scales are then used to adaptively rescale each 3D object.

Trajectory Design Through Kinematics Templates We
further leverage the reasoning capability of LLM to select physics-
based formulas to govern the displacement of objects. To stream-
line and simplify the task, we instruct the model to assume that
one reference object is always positioned at the camera origin and
solely design the trajectory of relative displacement between the
objects in the coordinate system relative to the reference object.
The trajectory follows kinematics-based equations such as uni-
form linear motion and parabolic motion. The LLM also adeptly
determines the initial positions and velocities based on the scene
semantics, ensuring that trajectories are contextually consistent
and physically plausible. While we take advantage of LLM to
obtain trajectories, our compositional 4D scene generation frame-
work also supports optional manual editing or custom-designed
trajectories to accommodate specific scene requirements.
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Human Preference↑ QAlign Metrics↑ CLIP ↑ Efficiency↑
Method 3DC AQ MF TA Overall Img-quality Img-aesthetic Vid-quality Vid-aesthetic Img-Text Rendering fps

4DFY [2] 34% 28% 26% 34% 30% 2.031 1.767 2.465 1.973 28.76 4
Animate124 [55] 26% 24% 20% 28% 25% 1.434 1.484 1.948 1.654 24.16 4
Ours† 40% 48% 54% 38% 45% 2.655 2.057 2.912 2.187 30.54 –

TC4D [3] 35% 52% 30% 40% 40% 2.617 1.936 2.838 2.109 29.66 4
Ours 65% 48% 70% 60% 60% 2.931 2.190 3.367 2.461 31.98 70

Table 1. Quantitative comparison between our method and baselines. Human preference evaluations include 3D geometry consistency
(3DC), appearance quality (AQ), motion fidelity (MF), text alignment (TA), and overall score. QAlign metrics assess quality and aesthetics
of rendered images/videos, and CLIP measures text–image alignment. “Ours†” denotes down-sampling our original generations to match
the low-resolution settings of 4DFY [2] and Animate124 [55].

Optional Trajectory Refinement via Collision Checking
Despite curated prompt engineering, some LLM-generated trajec-
tories may cause unintended collisions. To mitigate this, we incor-
porate an optional trajectory refinement step to check for physical
feasibility. A sequence of points along the trajectory is sampled
as objects’ centers at corresponding timestamps. To efficiently
simulate object occupancy, each object is approximated with a
pre-sized rectangular cuboid. They are also rotated so that the
canonical orientation of objects faces the next sampled location.
Despite its simplicity, this strategy works very well in practice for
coarse-level spatial planning. After obtaining the object placement
at each timestamp, Eq. 6 is utilized for collision checking. Trajec-
tories are automatically truncated at the first detected collision to
ensure stable rendering. If the truncated path is too short to enable
meaningful motion, the system re-prompts the LLM to regenerate
a new trajectory. Together, these steps form a robust and auto-
mated scene planning pipeline that produces valid, scalable, and
diverse scene configurations with minimal manual intervention.

4. Experiments
4.1. Implementation Details
Given a text prompt, we use GPT-4 to decompose the scene into
multiple components, assigning appropriate scales and designing
motion trajectories for each asset. For asset generation, inspired
by [2, 27], we first create static 3D objects using joint score distil-
lation from MVDream [34] and Stable Diffusion 2.1 [31]. These
objects are then converted into point clouds to initialize 3D Gaus-
sians. Each object is represented with 60,000 Gaussian points. In
the compositional optimization stage, we randomly assign training
iterations to adopt single-object rendering (with a probability of
0.2) or whole-scene rendering (with a probability of 0.8). In each
iteration, we render 16 frames via uniformly sampled timesteps.
We use the frozen diffusion models, Zeroscope [1] and Stable Dif-
fusion 2.1 [31], to provide SDS supervision. We compare our
method with two prior object-centric text-to-4D generation works,
4DFY [2] and Animate124 [55], and a trajectory-based concurrent
work, TC4D [3].

4.2. Main Results
Quantitative Comparison We evaluated our method against
baselines using 20 text prompts describing diverse compositional
scenes with 2-4 assets. First, a user study is performed involving
30 participants from diverse backgrounds. Participants evaluated

rendered videos of 4D scenes based on four key properties, follow-
ing the practice in [2, 3]: 3D Geometry Consistency (3DC), Ap-
pearance Quality (AQ), Motion Fidelity (MF), and Text Alignment
(TA). For each method, we demonstrate four views (0◦,90◦,180◦,
270◦) videos for preference selection. We report the percentage of
user preferences overall and for each property. In the absence of
ground truth for unsupervised text-to-4D scene generation, we em-
ployed non-reference quality-assessment models for images and
videos. Q-Align [45] is a recently proposed large multi-modal
model fine-tuned from mPLUG-Owl2 [52] using in-the-wild im-
age and video quality assessment datasets. It provides quality as-
sessment functionality for images and videos in terms of aesthetics
and quality, achieving state-of-the-art performance in alignment
with human ratings on existing quality assessment benchmarks.
We report the average scores on four views (0◦,90◦,180◦, 270◦)
of our test samples. We also use CLIP [40] to measure the text-
image semantic alignments. The results are reported in Tab. 1. It
can be observed that our method outperforms baselines in most
metrics by a large margin.

Qualitative Comparison In Fig. 3, we provide a detailed
visualization of generated scenes with multiple assets at differ-
ent timestamps from various views. For 4DFY [2] and Ani-
mate124 [55], we show the scenes from one view at timestamps
of 0, 0.2, and 1s. For TC4D [3] and our method, we show views
at uniformly sampled timestamps from 0 to 1s. As shown in the
image, our framework excels in generating lifelike objects with
expansive motions while enhancing fidelity in object interactions.
As indicated by the yellow contours in Fig. 3, we can observe the
changes in body shape as the frog jumps, the distinct flapping of
butterfly wings, and variations in body contours as the dog runs.
Also, the objects move following the pre-defined trajectory and
display more frequent and realistic interactions. As indicated by
the yellow circles, two fish swim around a rock showing large dis-
placements, the frog stretches out its legs on the lotus leaf, the
butterfly settles on the petal, and the dog steps on a skateboard.
Comparatively, 4DFY and Animate124 exhibit limited movements
where the objects are fixed at the origin. Though TC4D shows ob-
ject movements guided by trajectory, the local deformations are
imperceptible, with texture flickering to simulate local motions.

Resolution and Speed Due to NeRF [24] expensive rendering
cost, 4DFY [2] uses resolution of 160×288, and Animate124 [55]
uses 80×144 in score distillation. In contrast, our method can ren-
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Figure 3. Comparison with object-centric 4D generation baselines (4DFY and Animate124) and trajectory-based work (TC4D). Comp4D
generates more realistic object motions and interactions, with large global displacements and noticeable local deformations. The baselines
exhibit limited movements with objects fixed at the origin (example 1, 2), or show imperceptible local deformations (example 3, 4).
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Figure 4. Ablation studies on the proposed components. The first row shows the front view. The second row shows the side view. To save
computation costs, (a)-(d) are conducted using same fewer number of Gaussians.

Succeed at: 1st trial 2nd-3rd trial 4th-6th trial avg # of trials

2-object-straight 100% - - 1.0
2-object-curved 80% 100% - 1.3

3-object-straight 70% 90% 100% 1.6
3-object-curved 40% 70% 100% 2.5

4-object-straight 30% 70% 100% 3.2
4-object-curved 20% 40% 100% 4.4

Table 2. Cumulative success rate of LLM-generated trajectory in
different settings, i.e. number of objects (two, three, and four) and
trajectory types (straight and curved).

Settings QAlign-Img-quality↑ QAlign-Img-aesthetic↑ QAlign-Vid-quality↑ QAlign-Vid-aesthetic↑
w/o Single 1.8252 1.6455 2.4082 1.9062
w/o Joint 1.9893 1.8789 2.4102 1.9512
w/o Image 1.8613 1.7715 2.3926 1.9014
Fewer GS 1.9131 1.8301 2.7285 2.0039
Full 2.4785 1.9004 2.9023 2.1621

Table 3. Ablation studies on our proposed components. We em-
ploy QAlign metrics, including quality and aesthetic evaluations
on both rendered images and videos.

der video at a resolution of 320× 576. To have a fair comparison,
we down-sampled our generation to 160 × 288 when comparing
with them. For TC4D, we adopt the same higher resolution. About
training cost, with a single NVIDIA H100, 4DFY takes around
30h for three-stage optimization, Animate124 takes around 25h,
and TC4D takes around 32h. In our method, obtaining 3D as-
sets takes 12h, and 4D motion optimization takes 8h. At inference
time, thanks to the efficient Gaussian representation, with a single
NVIDIA A100, our 4D scene representation renders at 70 FPS at
320× 576 resolution, much more efficient than the baselines.

Robustness of LLM model in trajectory design Our
framework integrates collision checking, trajectory truncation, and
re-generation to improve LLM-based trajectory generation. We
evaluate success rates on 10 two-object, 10 three-object, and 10
four-object scenes. For each scene, GPT-4 is prompted to generate
one straight and one curved path. A trajectory is considered suc-
cessful if it avoids collisions. The cumulative success rate for each
case w.r.t. the number of trials is shown in Tab. 2. For simpler
scenarios with two objects moving along straight paths, the frame-

work achieves a 100% success rate on the first trial. For more
complex cases, such as three objects with curved trajectories, the
success rate is 40% on the first trial, requiring an average of 2.5
trials to generate valid paths. In the most challenging scenario
involving four objects with curved paths, an average of 4.4 trials
is needed for successful trajectory generation. Overall, the LLM
demonstrates strong performance in generating collision-free tra-
jectories, even for complex multi-object scenarios. At this point,
we emphasize that our method is flexible and can incorporate hu-
man involvement for the initial trajectory design.

4.3. Ablation Studies
We evaluate the effectiveness of our components in Fig. 4 and
Tab. 3. To save computation costs, we utilize 3D Gaussians con-
taining 20,000 points to represent each object. In Fig. 4(a), re-
moving object-centric rendering (“w/o Single”) results in poor ge-
ometry due to occlusion during optimization. Fig. 4(b) shows that
disabling joint rendering (“w/o Joint”) reduces motion realism and
inter-object interactions. Fig. 4(c) illustrates that excluding the
image diffusion SDS loss yields weaker textures compared to (d),
where it is included. In Fig. 4(d), the model training and losses are
kept the same as the full model (e), except that the number of 3D
Gaussians we generate in the static stage is fewer. The figure also
shows that using fewer Gaussians results in less detailed texture
and less realistic geometry. In summary, using full model (e) de-
livers the best qualitatively results. Quantitatively, Tab. 3 confirms
that removing either object-centric or joint rendering noticeably
degrades image and video quality, while the full model provides
the best results.

5. Conclusion
In this work, we present Comp4D, a novel framework for gener-
ating compositional 4D scenes from text input. Given a composi-
tional scene description, we first leverage GPT-4 to generate object
prompts for the independent creation of 3D objects. Subsequently,
it is tasked to design the trajectory for the moving objects. This
predefined trajectory then guides the compositional score distil-
lation process, which optimizes a composable 4D representation
comprising deformable 3D Gaussians for each object. Our exper-
iments demonstrate that Comp4D significantly surpasses existing
text-to-4D generation methods in terms of visual quality, motion
fidelity, and object interactions.
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