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“The whale swims smoothly.” Input mesh “The 3D airplane is rotating.”
“A cartoon character is raising his hands.” Input mesh “The 3D rabbit is walking forward.”
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Input mesh “The Man is walking.” “The Man is running.” “The Man is squatting.”

Fig.1: Our framework DiTex4D generates high-quality 4D content from text
prompts, supporting both 4D generation from scratch and 3D animation from static
mesh. More visual results are available at our project page.

Abstract. Despite recent progress, direct text-driven 4D object gen-
eration remains challenging yet highly desirable. In this paper, we in-
troduce DiTex4D, a native text-to-4D generation framework that en-
ables both text-driven 4D generation from scratch and 3D animation
from static mesh. Built upon large-scale pre-trained 3D generation mod-
els, our framework DiTex4D avoids intermediate text-to-video pipelines
and costly per-object optimization. Specifically, (i) we achieve 4D spa-
tiotemporal consistency via inflating 3D attention with mixed-4D RoPE
and tailored correlated noise injection strategy. (ii) To enable 3D anima-
tion, we introduce a mask-based diffusion model conditioned on multi-
view global context to maintain strict consistency with the initial frame.
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We further fine-tune the framework for 4D interpolation to synthesize
high-frame-rate sequences with smoother motion. Extensive experiments
demonstrate that DiTex4D can achieve higher-quality, semantically align-
ed, and spatiotemporally coherent 4D object generation, surpassing most
existing state-of-the-art text-to-4D generation methods.

Keywords: 4D Generation - 3D Animation - Generation Model

1 Introduction

High-quality 3D content generation has received widespread attention in vir-
tual/augmented reality, gaming, and embodied applications. Recent advances
in text/image-to-3D, such as Score Distillation Sampling (SDS) [42,[51][56],
Large Reconstruction Models [21}50], and Diffusion Models adapted for 3D con-
tent [60,/68,(72], have made it possible to create detailed static 3D objects. Build-
ing on these strong 3D priors, a few works extend 3D generation to 4D by in-
jecting temporal modules to model motion across frames, demonstrating promis-
ing results in video-to-4D generation [29,/65]. In contrast, directly transferring
video-to-4D to text-to-4D is full of challenges. The task is inherently challeng-
ing because (a) text lacks explicit geometric and motion control priors, making
it difficult to synthesize plausible dynamics while maintaining appearance and
geometric consistency, and (b) it must bridge the substantial gap between the
simplicity of text prompts and the complexity of dynamic 3D outputs.

Previous text-driven 4D generation methods mainly fall into two categories.
The first line of work [30,/44,57] generates each individual 4D content by utilizing
pre-trained text-to-video generation models and optimizing the 4D representa-
tion via complex SDS, as shown in Fig. This approach suffers from long
optimization times and over-saturation artifacts. The other line of work focuses
on two stage video-based methods, which primarily decompose text-to-4D gen-
eration into a text-to-video stage |2,|20] followed by either 4D reconstruction
or native video-to-4D generation [47], as shown in Fig. Methods relying
on 4D reconstruction [33}45,611/64] typically fine-tune video models into multi-
view video generators, and then directly recover 4D content via traditional or
feed-forward reconstruction techniques. While this paradigm is faster than SDS-
based methods, it suffers from significant cumulative errors across the two stages,
leading to suboptimal content quality. Alternatively, native video-to-4D gener-
ation approaches [29,|65},/69] based on 3D generation can produce high-quality
4D content from monocular videos, such as GVFDiffusion [69], SS4D |29]|. How-
ever, directly integrating them into a two-stage text-to-4D pipeline often yields
unsatisfactory results and leads to failure cases. This is primarily because such
methods impose strong selective constraints on the video generated conditioned
on text (e.g., requiring no motion occlusion, low motion speed, etc.).

Recently, to bypass the constraints of video generation, another line of work
directly generates trajectories conditioned on text to drive input meshes, as
shown in Fig. This approach produces 4D content with stronger semantic
alignment, such as AnimateAnyMesh [58]. Furthermore, it not only reduces the
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(a) SDS-based (b) Two stage video-based (¢) Trajectory diffusion (d) Direct text-to-4D

Fig. 2: Our method is different from previous works: (a) is the SDS-based; (b) is the
video-based two stage method; (c) is the trajectory generation model not based on 3D
generation; (d) is our direct text-driven 4D generation build on 3D prior.

two-stage cumulative error but also maintains geometric and texture consistency
during motion. However, this strategy suffers from a critical limitation: failing
to build upon existing 3D foundation models makes it lose text-to-3D priors.
Given the extreme scarcity of 4D data, it struggles to generate diverse, large-
deformation motions for out-of-distribution input meshes.

In this paper, we propose DiTex4D, a direct text-driven 4D generation
framework that generates 3D Gaussian Splatting (3DGS) sequences via two
pathways: (a) 4D generation from scratch, and (b) 3D animation from static
mesh. Our model is built upon TRELLIS [60|, utilizing the powerful text-to-
3D knowledge of the pre-trained model and the characteristics of structured
latents to achieve text-to-4D generation. Unlike previous works in Fig. 2] we
allow semantic information to interact directly with temporal 3D objects, which
avoids two-stage cumulative errors and improves the geometric consistency of
the motion. Moreover, since our model is built on strong 3D priors, it enables
more effective text—4D interaction and performs well even when large-scale 4D
datasets |31] are scarce.

To implement this framework, we realize these two paths of 4D generation
through several key designs: (a) inflating 3D attention to capture the spatio-
temporal relationships in 4D space; (b) introducing a mask mechanism in the
diffusion model and strengthening the conditioning to enforce consistency with
the initial frame, thereby enabling 3D animation. And then we design a 4D in-
terpolation model to improve motion smoothness. To the best of our knowledge,
DiTex4D is the first direct text-to-4D framework that directly injects text into
structured 4D latent diffusion. (visualized in Fig. [I).

Overall, our main contributions are:

— We propose DiTex4D, a direct text-driven 4D generation framework with
two complementary pathways: (i) 4D generation from scratch and (ii) text-
conditioned 3D animation from static mesh.

— We inflate 3D attention with mixed-4D RoPE and design dedicated corre-
lated noise injection strategy to preserve spatio-temporal consistency.
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— We introduce a masked diffusion mechanism and leverage multi-view global
information to enforce consistency between the generated content and the
input mesh, thereby enabling 3D animation.

2 Related Work

3D Generation. Early 3D generation approaches primarily relies on Generative
Adversarial Networks (GANs) |16] and Score Distillation Sampling (SDS) [42].
While GAN-based methods [6}|13,|14] provide the groundwork, they struggle
to scale across diverse, open-world distributions. Conversely, SDS-based meth-
ods [32,/56L[73] leverage geometric priors from pre-trained 2D generative models,
offering better generalization. However, they frequently suffer from multi-view
inconsistencies due to a lack of explicit 3D awareness. Furthermore, the time-
consuming nature of per-scene optimization limit their widespread application.
To mitigate these inconsistencies, subsequent works fine-tune 2D diffusion mod-
els [46] to generate multi-view images [35,/36L54L/62], yet these still require cum-
bersome post-processing reconstruction steps.

In contrast, recent feed-forward methods [18,28.[59}/72] directly generate 3D
representations from text or image guidance. These end-to-end architectures can
produce 3D assets in seconds, drastically improving efficiency. These methods
broadly fall into two streams. The first encodes point clouds into unordered latent
vectors (VecSet) [68], that generate generalizable, high-quality geometry. The
second stream leverages voxel grids and structured latents [60], which support
decoding into meshes, 3DGS [27], or Neural Radiance Fields (NeRF) [40], facil-
itating scaling to large models. Notably, voxel-based structured latents possess
inherent spatial determinism, offering a distinct advantage for spatiotemporal
modeling. Unlike ShapeGendD [65], which require explicit latents alignment to
eliminate temporal jitter, voxel-based representations inherently provide struc-
tural stability, making them highly suitable for our work.

Video-to-4D Generation. Similar to 3D generation, early video-to-4D gen-
eration work rely heavily on optimization-based methods [25,[33}/66},67]. These
approaches predominantly utilize SDS and its 4D variants to optimize 4D rep-
resentations like HexPlane [4] or 4DGS [57| using priors from video generation
model. Like SDS-based 3D generation, they suffer from multi-view inconsisten-
cies and efficiency bottlenecks. To accelerate generation, L4GM [45] extends feed-
forward 3D reconstruction models into the 4D domain. By introducing temporal
layers to maintain spatiotemporal coherence, it directly reconstructs 4D content
from multi-view videos [22}38,70]. Nonetheless, this approach still struggles with
view inconsistencies and produced weak geometric structures.

Following the emergence of large-scale foundational 3D models, V2M4 [g|
employs state-of-the-art 3D models to extract meshes frame-by-frame, relying
on global mesh registration and geometry optimization. Meanwhile, GVFDif-
fusion [69] compresses per-frame variations in Gaussian attributes into latent
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space, using a diffusion model to generate deformation fields. Yet, these meth-
ods underutilize the strong 3D priors of foundational models. More recently,
methods such as motion2vecsets [5], SS4D [29] and ShapeGen4D [65] perform
spatiotemporal consistent fine-tuning on 3D diffusion models, achieving high-
quality video-to-4D generation using limited 4D data. Although these models
successfully generate dynamic 3D content from videos, directly adapting them
for text-to-4D generation remains significantly challenging.

Text-to-4D Generation. Generating dynamic 4D content from textual de-
scriptions can primarily be approached via two pathways: generating 4D con-
tent from scratch or animating static 3D content. The former requires
recovering complex 4D motion from brief text prompts while strictly maintain-
ing geometric and appearance consistency. Currently, this relies mostly on SDS-
based methods [10,24,44] that use video generation model to optimize 4D rep-
resentations per object, plagued by significant stability issues. Conversely, The
latter pathway benefits from strong 3D information but is constrained by the
quality of the static 3D input. For instance, Animate3D [24] generates multi-
view videos and a static mesh from text, then optimizes 4D content using a pre-
trained MV-Video generation model while enforcing correspondence with the
initial mesh. Inspired by feed-forward models, AnimateAnyMesh [58] employs a
diffusion model to generate text-conditioned vertex motion trajectories. By in-
corporating a shape-guided mechanism, this method inherently ensures spatial
consistency to achieve high-quality mesh animation. Nevertheless, constrained
by the scarcity of 4D datasets, it suffers from limited generalization capabilities.
In contrast, our framework is built upon a powerful 3D foundational model. Its
robust 3D priors reduce the difficulty of 4D generation, while our key design
unifies both pathways for text-to-4D generation.

3 Method

To address the challenge of text-to-4D object generation, we propose DiTex4D,
a flow-based structured latent diffusion framework designed to generate 3DGS
sequences that align with textual prompts. As illustrated in Fig. [3] our frame-
work supports 4D content generation via two pathways: text-driven 4D gener-
ation from scratch, and 3D animation from static mesh. The former achieves
spatiotemporal consistency by effectively inflating 3D attention mechanisms to
bridge text and 4D space. Building upon this, the latter incorporates a masking
mechanism that leverages known geometry and appearance, enabling animation
while preserving the initial frame. Additionally, to improve motion smoothness,
we implement a 4D interpolation model based on this framework. This section
first introduces TRELLIS [60|, a 3D generation model via structured latent that
serves as our foundation model (Sec. , followed by a detailed description of
the two pathways in our framework (Sec. and Sec. .
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Fig. 3: DiTex4D Overview. Our framework supports two pathways for 4D genera-
tion, conditioned on text and static mesh inputs, while utilizing masks for mesh con-
trol. The 4D structured latent diffusion model implements a coarse-to-fine two-stage
generation of multi-frame SLat, with correlated noise injection for consistency and De-
coupled Cross-Attention for multi-condition guidance. The final SLat is decoded into
high-quality 3DGS sequences, which are interpolated as the 4D output.

3.1 Preliminaries

TRELLIS is a state-of-the-art 3D generation model that provides us with
powerful 3D prior knowledge. It is built upon Structured Latent (SLat) that can
effectively capture both the geometry and appearance of 3D objects and enables
decoding into multiple 3D representations. SLat maps features from multi-view
images onto activated voxels, expressed as:

2= {(z:p)}itr 2 € RO, pr € {0,1,.. . N = 1), (1)

where p; denotes the positional index of an activated voxel in 3D grid. The
feature z; attached with each voxel is aggregated DINOv2 features extracted
from multi-view. N denotes the spatial length of the 3D grid, and L is the total
number of active voxels.

The generation process employs a coarse-to-fine two-stage generation pipeline:
generating the sparse structure (SS), represented as sparse voxels {p;}F, via
SS Flow and then predicting Structured Latents (SLat), represented as z =
{(2i,p:)} 1, via SLAT Flow. Modeling the backward process as a time-dependent
vector field v(x,t) = Vi(z), the transformers vy in both stages are trained by
minimizing the conditional flow matching (CFM) objective:

Lorm(0) = Evag.ellvo(,) — (e = z0) 3. (2)

Compared to VecSet , SLat offers a more stable encoding process by avoid-
ing the random sampling typical of point cloud processing—a crucial advantage
for spatiotemporal modeling. As observed in ShapeGen4D , independently
encoding per-frame meshes into VecSet features often leads to temporal jitter
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in the latent space, hindering the diffusion model’s ability to learn smooth dy-
namics. Conversely, the SLat encoding process involves no stochastic processes,
facilitating the modeling of temporal dynamics. Furthermore, the two-stage gen-
eration pipeline of TRELLIS enables the decoupled temporal modeling of geom-
etry and texture, providing superior controllability. These attributes motivate
our selection of TRELLIS as the pre-trained foundation model.

3.2 Generate 4D Content from Scratch

The objective of our model is to generate dynamic 3DGS [27] sequences directly
from text prompts. Unlike two stage video-based methods, we eliminate the video
intermediate |2,20,/63] to prevent error accumulation and poor text alignment
caused by video limitations. By directly conditioning 4D space on text, DiTex4D
bypasses the bottlenecks of video generation models, and produces 4D objects
that adhere more closely to text prompt. Specifically, inspired by text-to-video
generation [2/15], we integrate temporal alignment into the 3D diffusion model
and employ correlated noise injection to ensure consistency and smoothness.

3D Attention Inflation. Although a pre-trained 3D generator [60l72| produces
strong per-frame content, it lacks explicit temporal modeling and thus cannot
reliably capture coherent motion across frames, often yielding near-static outputs
when directly applied to text-driven 4D synthesis. To address this issue, we draw
inspiration from text-to-video models [3}|17] and inflate the spatial self-attention
layers of the pre-trained model into spatiotemporal self-attention layers. Similar
to SS4D [29|, this enables full attention interaction between time and space.
Specifically, our inflation process involves reshaping the latent tensor, applying
full self-attention, and restoring the original dimensions for subsequent layers,
as follows:

z = reshape™ ' (Full Attn(reshape(z))) (3)

where z € REXTXLXC represents structured spatiotemporal latents, B is the

batch size, T' is the number of temporal frames, L and C are the sequences
length and the feature dimension. The reshaping process primarily involves the
merging and splitting of 7" and L.

Since the text condition lacks explicit motion constraints, we modify the
critical positional embedding component within the full attention mechanism.
SS4D [29] retains spatial absolute position embeddings (APE) [53| while incor-
porating a 1D temporal Rotary Positional Embedding (RoPE) [49]. While this
design works well for video-to-4D by recovering and aligning 3D geometry from
per-frame observations, we find it insufficient for text-to-4D where such visual
priors are absent. Inspired by video generation models, such as Wan [55,76], we
extend the original RoPE to 4D RoPE by independently applying 1D RoPE to
each of the spatial and temporal coordinates (x,y, z,t) and concatenating them
along the channel dimensions. Furthermore, supported by findings on RoPE for
Vision Transformers [19], we retain the pre-trained 3D spatial APE to reuse the
learned spatial priors and combine it with our 4D RoPE, forming a mixed-4D
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RoPE. Spatially, this combination of absolute and relative positional informa-
tion effectively maintains geometric consistency in the absence of video con-
straints, even under large motions. Temporally, the relative encoding captures
robust dynamic relationships and has certain extrapolation capabilities.

Correlated Noise Injection. Moreover, we observe that, during diffusion sam-
pling, the additive Gaussian noise is typically sampled independently. As a re-
sult, relying exclusively on text prompts to denoise each frame leads to unstable
motion. We hypothesize that the structured latents of adjacent frames should re-
main relatively close in distribution. When the variance of the randomly sampled
noise for each frame is too large, text conditions struggle to unify the denoising
process, resulting in unavoidable flickering in the generated content.

Inspired by early text-to-video generation [15[26], we employ temporally-
correlated noise injection to reduce inter-frame flickering. Specifically, we gener-
ate two noise vectors, €spqred, @ common noise vector shared among all frames,
and €;,,4, the individual noise for each frame. The final combination of these two
vectors is used as the correlated noise ¢, formulated as:

a2

. 1
shared ™~ 0771 ) iln ~ 0771 4
Eth( 1+a2>6d N( 1+a2> (4)

i )
€ = €shared T €ind

where « denotes noise sharing strength. Specifically, @« = 0 corresponds to in-
dependent noise, @ — +00 represents copying noise. As proven by PYoCo [15],
«a =1 is the optimal setting for mixed noising, and used in our model.

Since the SLat-based generation follows a coarse-to-fine two-stage process, we
need to perform this operation on both the SS latents and SLat. (i) SS latents
correlated noise, as SS latents are continuous vectors in feature space without
the geometric sparse structure, we can directly apply the linear superposition of
noise as described above. However, for (ii) SLat correlated noise, since SLat
is built upon sparse active voxels where both the voxel count and 3D spatial
coordinates vary across frames, direct cross-frame noise addition is infeasible.
Consequently, we design the tailored correlated noise technique:

i Kk )
6SL(Lt - Esl'blared + 6ind (5)

Vi, j, if ki = kj = Eflilaured = Efﬁared

where the spatial key is defined as k; = (4, v:, 2:),% € {0,1,...,T}, which implies
that voxels at the same spatial coordinates (z,y, z) share an identical key k; irre-
spective of time ¢. Consequently, efﬁmed ensures that voxels with the same spatial
location share the same noise, while €, jprevents static content from appearing
at fixed coordinates. By employing this strategy consistently during training and
inference, we enhance the geometric consistency and temporal smoothness of the
generated content.
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3.3 3D Animation From Static Mesh

The task of 4D generation via 3D mesh animation focuses on synthesizing 4D
motion from a static input mesh, guided by text prompts. This approach sig-
nificantly enhances controllability by anchoring the generated 4D output to a
specific initial frame, offering greater practical value. We design a text-driven 3D
Animation model based on the foundational framework of the generation from
scratch, preserving all optimization mechanisms designed for the 4D spatiotem-
poral domain. Simultaneously, it facilitates 3D animation by incorporating a
masked diffusion mechanism and multi-view CLIP conditioning.

Masked Diffusion Model. The 3D animation approach is highly promising for
practical applications. Benefiting from the success of image-to-video generation
models |2//55)6371], mask generation mechanisms can effectively synthesize high-
quality content from static conditions. Consequently, we formulate 3D animation
as a 3D-to-4D problem by introducing an additional conditional 3D mesh as the
controlling initial frame. Specifically, we replicate the single-frame conditional
3D mesh T times along the temporal axis to form a guidance sequence of length
T. These guidance frames are compressed by the Structure VAE of TRELLIS
into conditional latent vectors z, € REXTXLXC Fyrthermore, we introduce a
binary mask M € {0, 1}B*T*EX1 where 1 indicates frames to be preserved and
0 indicates frames to be generated. The spatial and temporal dimensions of M
align with those of the conditional latents z.. The noisy latents z;, conditional
latents z. and the mask M are concatenated along the channel axis and then
passed through the spatiotemporal full attention diffusion model. Given that the
input channel dimension for the 3D animation model exceeds that of the base
4D generation model (i.e., 2 x C' + 1 v.s. C), we employ an additional zero-
initialized projection layer. This masking mechanism allows us to effectively
preserve the explicit geometric information of the static 3D mesh while utilizing
text conditions to guide the synthesis of dynamic 4D content.

Multi-view Image CLIP Conditioning. Although the pretrained base 4D
generation model provides a framework for static mesh-based 3D animation, its
lack of necessary context and semantic depth makes it difficult to fully capture
the temporal consistency of dynamic 3D sequences, particularly when restricted
to a single-frame input mesh. This discrepancy presents significant challenges in
maintaining consistency between the initial frame and subsequent frames during
the 3D animation. Therefore, in addition to text conditioning, we incorporate
multi-view CLIP conditioning, inspired by ReconviaGen [7], SceneGen [39] and
SAM-3D [9]. Specifically, we first render the static 3D mesh into multi-view
images at azimuth angles of {0°, 90°, 180°, 270°}. We then utilize the CLIP [43|
image encoder to extract feature representations from these multi-view images.
These extracted features are projected by a three-layer multi-layer perceptron
(MLP) to serve as the global context. Finally, this global context is injected into
the diffusion model via decoupled cross-attention.
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In practice, utilizing the masking mechanism and multi-view CLIP condition-
ing enables us to animate static 3D meshes conditioned on text prompts. The
proposed mask delineates the input mesh and specifies exactly which frames
are to be generated. Consequently, the aforementioned approach unifies the two
pathways of 4D generation from scratch and 3D animation from static mesh,
realizing a comprehensive text-driven 4D object generation framework.

3.4 4D Interpolation Model

To increase the temporal resolution of the generated 4D content, we fine-tune
a 4D interpolation model built upon our base text-driven 4D generation frame-
work. Motivated by the success of the masking mechanism in our 4D generation
framework, we extend this strategy to frame interpolation. Specifically, we apply
masking to the input sequence frames I and I 4 2 to predict the intermediate
frame I + 1, achieving a ' — 2T — 1 interpolation, like Fig. [f] Consequently,
this enhances the temporal smoothness of the 4D outputs and yields rendered
videos with higher frame rates. Notably, our 4D interpolation model can achieve
excellent performance with a relatively small number of iterations. Please refer
to the supplementary material for specific details.

4 Experiments

4.1 Setting

Datasets. We curate a dataset containing 20,000 animated 3D objects from Ob-
javerse [12] and ObjaverseXL [11], filtering out samples with insignificant motion
amplitudes. For each motion sequence, we process every frame using TRELLIS’s
official script. Then we use the Qwen-3-VL model |1] to generate high-quality
captions. To enable the model to generate content with larger motion ampli-
tudes, we apply a simple data augmentation strategy by splitting long 4D data
into multiple short segments to expand the dataset. Detailed information about
our dataset can be found in the supplementary material.

Implementation Details. To optimize data efficiency and reduce training
costs, we employ a progressive training strategy, scaling from 8 frames to 16
frames. As outlined in Sec. [3 our framework mainly consists of two models: the
base 4D generation model and the 3D animation model. Both are trained using
the AdamW optimizer |37] with a learning rate of 1 x 10~* under FP16 mixed
precision, utilizing a batch size of 32 distributed across 8 GPUs. Further details
are available in the supplementary material.

Evaluation Metrics. To comprehensively evaluate text-driven 4D objects gen-
eration without references, we adhere to the evaluation protocol established by
Animate3D [24]. Specifically, we render dynamic 3D objects from 4 views {0°,
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Fig. 4: Qualitative comparison with SOTA methods about 4D generation from scratch.

90°, 180°, 270°}. For each view, we calculate various perceptual metrics from
VBench [23,[74], including 12V, Motion Smoothness, Aesthetic Quality and Dy-
namic Degree (denoted as 12V, M.sm, Aest.Q and Dy.Deg respectively), and
report the average across all views. Notably, since base 4D generation lacks a
reference image, we utilize the CLIP Score (CLIP) to replace the 12V metric.
User study and further details are provided in the supplementary material.

4.2 Comparison

Baseline. We conduct comprehensive evaluations against representative state-
of-the-art methods spanning different text-to-4D generation paradigms. Specifi-
cally, we compare with the SDS-based model Dream-in-4D and Animate3D
, the feed-forward reconstruction model L4AGM , the video-to-4D model
GVFDiffusion and ActionMesh , and the text-to-3D animation method
AnimateAnyMesh . All baselines are evaluated using their official implemen-
tations and recommended settings. Additionally, we use Kling as the video
generator for the video-to-4D methods, and TripoSG as the 3D generator.
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Qualitative Comparison. Our proposed DiTex4D framework demonstrates
superior performance in semantic alignment, motion naturalness, and geometric
consistency. 4D generation from scratch, as shown in Fig. [d] existing meth-
ods exhibit various defects in the task of text-to-4D generation. Animate3D
converts the initial mesh into a Gaussian splatting representation and optimizes
motion trajectories via multi-view SDS and ARAP regularization. However,
this optimization pipeline suffers from error accumulation, often necessitating
manual tuning to achieve high-fidelity results. While L4GM attempts to recon-
struct 4D content directly from single-view videos but is inherently limited by
the video generator’s performance, particularly when processing isolated object
sequences without natural backgrounds. Furthermore, the lack of explicit multi-
view constraints makes the generated content prone to multi-view inconsisten-
cies. And GVFDiflusion [69] relies heavily on input video type; consequently,
its performance degrades significantly in scenarios involving mutual occlusion or
large motion amplitudes.

For 3D animation from static mesh, as shown in Fig. both Ani-
mate3D and L4AGM exhibit similar limitations in this setting. Although
AnimateAnyMesh achieves feed-forward high-quality 3D animation tasks,
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Table 1: Quantitative comparisons with state-of-the-art methods of 4D Generation
from scratch and 3D Animation from static mesh.

4D Generation from scratch 3D Animation from static mesh

Methods | CLIPt M.Sm? Aest.Qt Dy.Degt | 12Vt M.Smt Aest.Qf Dy.Degt
Dream-in-4D [75] 24.17 0.973 0.416 0.187 - - - -
Animate3D [24] 23.96 0.986 0.509 0.428 0.877 0.987 0.514 0.398
LAGM [45] 24.97 0.991 0.482 0.578 0.848 0.992 0.498 0.618
GVFDiffusion [69] 25.03 0.989 0.539 0.161 0.902 0.989 0.535 0.182
ActionMesh [47] 25.38 0.992 0.528 0.364 0.934 0.994 0.557 0.364
AnimateAnyMesh [58] 25.42 0.994 0.527 0.152 0.948  0.997 0.546 0.100
Ours 25.51 0.995 0.559 0.281 0.946 0.997 0.562 0.250

since it is not built upon high-quality 3D priors, leading to a high dependency
on 4D datasets, which results in relatively small and unnoticeable generated mo-
tions under certain prompts. In contrast, our framework is directly built upon
robust 3D models, inheriting strong text-to-3D priors while reducing data re-
quirements. By enabling direct interaction between text conditions and 4D con-
tent, our framework achieves superior results with two key advantages: (1) the
generated content is better aligned with text prompts; (2) the generated content
exhibits relatively strong generalization capabilities even with small datasets.

Quantitative Comparison. For quantitative comparison, we curate an extra
test set for each task comprising 32 randomly selected objects spanning diverse
categories (human, animals, objects, etc.). Using identical text prompts as con-
ditions, we computed the metrics across all baseline methods.

As shown in Tab. [I} both text-driven 4D generation pathways implemented
by our framework demonstrate superior performance across all CLIP and VBench
metrics (I2V, M.Sm, Aest.Q), highlighting their effectiveness in semantic align-
ment, and aesthetic quality. The user study results further validate the advan-
tages of our method, showing significant improvements in the accuracy of text-4D
alignment and motion amplitudes. These quantitative evaluations align closely
with the visual results demonstrated in our qualitative observations.

4.3 Ablations.

We conduct controlled ablation experiments to isolate the contribution of each
design component, removing one at a time from the full method while training
on the same dataset. To reduce training costs, we use 8 frames instead of 16, and
we train each model variant for same steps under identical settings in any tasks.
Given that the 3D animation model is fine-tuned from the base 4D generation
model, we evaluate the Mixed-4D RoPE and correlated noise injection on the
base model, while assessing the multi-view image conditioning on the animation
model. The results are presented in Tab. 2] and Fig. [7]

Mixed-4D RoPE. We found that mixed-4D RoPE is crucial for maintaining
spatial coherence in long sequences. By simultaneously encoding both absolute
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[] : interpolation output

l Begin Frame Mid Frame End Frame
Table 2: Ablation study of different com-
ponents. \ ¥ i\ X ) !
Method |CLIPt M.Sm1 Aest.Qt Dy.Degt !
L) 1Y |39 LR b
w/o mixed-4D RoPE (1D RoPE + 3D APE)| 25.48 0,991 0553  0.312
w/o mixed-4D RoPE (only 4D RoPE) 2364 0964 0469  0.531 - )} ) J
w/o Correlated Noise Injection 2517 0.977 0544 0406 3
w/o0 4D interpolation 2552 0.98 0556 0281 4 ! {
Ours (base 4D generation model) 2554 0.996 0.559  0.281
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Fig. 6: The example of 4D interpolation.
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“A knight in armor holding a sword and shield fighting.”
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“The 3D model is rotating.”

Fig. 7: Qualitative comparison of ablations.

and relative spatial positions, it effectively mitigates positional drift and struc-
tural inconsistencies during temporal generation, in Fig. [7] Conversely, the only
4D RoPE variant loses the pre-trained 3D absolute positional information and
fails to achieve 4D generation within the same number of training steps.

Correlated Noise Injection. We found that applying temporally-correlated
noise injection significantly reduces inter-frame flickering compared to indepen-
dent noise sampling, resulting in more stable motion for 4D content in Fig. [7]

Multi-view Image Condition. Compared to text-only conditioning, multi-
view conditions provide richer global context, enabling enhanced control over
the temporal consistency between the generated content and the input mesh.
As shown in Fig. Iﬂ By utilizing multi-view images to define appearance ("what
it looks like") and text to guide motion ("how it moves"), the model achieves
superior generation quality compared to relying on text for all attributes.

4D Interpolation. We found that 4D interpolation can effectively improve
Motion Smoothness in Fig. [6} This is mainly because our 4D generation model
targets large motion amplitudes, interpolating intermediate states effectively al-
leviates the resulting jitter, producing smooth results.
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5 Conclusion

We present DiTex4D, a direct feed-forward text-driven 4D generation frame-
work addressing both 4D generation from scratch and 3D animation from static
mesh. It solves the challenge of directly applying video-to-4D techniques to text-
to-4D. By building upon 3D generation foundation models, we utilize mixed-
4D RoPE and temporally-correlated noise injection to expand 3D attention
into spatiotemporal full attention. Furthermore, we extend this architecture
into a masked diffusion model, incorporating multi-view image conditioning to
fully enable the text-guided animation of static 3D meshes. Extensive experi-
ments demonstrate that the DiTex4D framework consistently outperforms ex-
isting baselines in text-to-4D generation tasks.
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