ActionMesh: Animated 3D Mesh Generation with Temporal 3D Diffusion
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Figure 1. ActionMesh. Our model generates 3D meshes ‘in action’ from a wide range of inputs such as a text prompt, a video, an image +
an animation text prompt, or a 3D mesh + an animation text prompt. Unlike previous approaches, our method is not only fast, but also
rig-free and topology consistent. These properties are convenient in practice, e.g., they allow the seamless animation of complex 3D shapes
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like an octopus with maracas (top left) or the automatic transfer of the mesh texture throughout the animation (bottom right).

Abstract

Generating animated 3D objects is at the heart of many
applications, yet most advanced works are typically difficult
to apply in practice because of their limited setup, their long
runtime, or their limited quality. We introduce ActionMesh, a
generative model that predicts production-ready 3D meshes

‘in action’ in a feed-forward manner. Drawing inspiration

from early video models, our key insight is to modify existing
3D diffusion models to include a temporal axis, resulting
in a framework we dubbed ‘temporal 3D diffusion’. Specif-
ically, we first adapt the 3D diffusion stage to generate a
sequence of synchronized latents representing time-varying
and independent 3D shapes. Second, we design a temporal
3D autoencoder that translates a sequence of independent
shapes into the corresponding deformations of a pre-defined
reference shape, allowing us to build an animation. Combin-
ing these two components, ActionMesh generates animated
3D meshes from different inputs like a monocular video,
a text description, or even a 3D mesh with a text prompt
describing its animation. Besides, compared to previous
approaches, our method is fast and produces results that
are rig-free and topology consistent, hence enabling rapid

iteration and seamless applications like texturing and retar-
geting. We evaluate our model on the existing video-to-4D
benchmark Consistent4D and introduce ActionBench, a new
benchmark based on Objaverse, reporting state-of-the-art
results in both geometric accuracy and temporal consistency.

1. Introduction

The ability to automatically produce animated 3D objects
from simple user inputs is a core computer vision problem
that holds high promise for any 3D-content application, like
video games, animated movies and commercials, or aug-
mented/virtual reality. However, despite recent progress,
most works share three main limitations. First, they are
specific to limited setups with a predefined input modality
(e.g., a video) and predefined object categories (e.g., bipeds
or rig-able objects). Second, they often rely on long (30-45
minutes) optimization loops, which are slow and prone to
local minima. Third, the overall output quality does not meet
the production criteria.

In this paper, we introduce ActionMesh, a feed-forward
generative model that is simple, scalable, and computes
production-ready 3D meshes “in action’ from diverse inputs.
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At its core, ActionMesh is a new video-to-4D model that pre-
dicts an animated 3D mesh given a video as input. Drawing
inspiration from early video models, we extend existing 3D
diffusion models with a temporal axis and separate the 3D
generation from the animation prediction. Our model runs in
two stages. First, we derive a temporal 3D diffusion model
from a pretrained 3D latent diffusion model, which produces
a sequence of synchronized latents representing time-varying
but independent 3D meshes. Second, we design a temporal
3D autoencoder, which converts a generic sequence of 3D
meshes into the deformations of a chosen reference mesh,
yielding an animation with constant topology. Importantly,
for both stages, we build upon models with strong 3D priors
to balance for the lack of 3D animated data.

Compared to existing approaches, ActionMesh is fast
(2 minutes for 16-frame video) and produces meshes that
are rig-free and topology consistent. These properties
are convenient in practice since (i) it allows the anima-
tion of complex 3D shapes where rigging is unknown
or difficult, and (ii) it automatically preserves the mesh
attributes, like a texture, throughout the animation. In
addition, thanks to its design, we show that our model
can be extended to other generative tasks like text-to-4D,
f image+textg-to-4D or f 3D+textg-to-animation, as well
as related applications like retargeting/motion transfer, as
illustrated in Figure 1 and Figure 4. We evaluate our
video-to-4D model qualitatively on the Consistent4D bench-
mark [15] and quantitatively on ActionBench, a newly in-
troduced Objaverse [8] benchmark. Comparing against
state-of-the-art methods, including DreamMesh4D [19],
LIM [33], V2M4 [4], and the concurrent work Shape-
GendD [53], we show that ActionMesh consistently out-
performs competitors on both geometric accuracy and cor-
respondence quality while achieving a speed-up of roughly
10 . Code and pretrained weights are available on our web-
page: https://remysabathier.github.io/actionmesh/.

Summary. Our main contributions are three-fold:

« A fast feed-forward model called ActionMesh that gen-
erates animated 3D meshes from diverse inputs with an
unprecedented speed and quality.

A temporal 3D diffusion model that produces synchro-
nized shape latents by minimally extending pretrained
3D diffusion backbones.

A temporal 3D autoencoder that assembles independent
shapes into a single topology-consistent animation via
the deformation of a reference mesh.

2. Related Work

3D foundational models. The seminal work of Zhang et
al. [57] introduces 3DShape2VecSet, a neural field sup-
ported by a set of latent vectors (a vecset), designed for

scalable 3D encoding of meshes and point clouds, and ex-
plicitly targeting generative diffusion. Trellis [48] gener-
alizes this idea to structured 3D latents, scaling to large
models that can decode into multiple 3D representations
such as radiance fields, Gaussian splats, and meshes. Build-
ing on vecset-style latents, Craftsman [17] performs 3D-
native diffusion over latent sets coupled with a geometry
refiner, enabling high-quality mesh synthesis and editing;
Dora-VAE [5] improves VAE sampling on similar repre-
sentations with a strong emphasis on sharp edges and high-
frequency details. CLAY [59] further advances controllable
3D generation with a large 3D-native latent DiT for geome-
try and a dedicated diffusion model for materials. In parallel,
LRM [12] and follow-up works like [36, 40, 55] demonstrate
that large transformers trained on massive image collections
can reconstruct high-fidelity 3D NeRFs or Gaussians from
a single view. Among recent image-to-3D mesh genera-
tors, Hunyuan3D [41] predicts geometry with a flow-based
DiT and texture with a separate model, generating high-
resolution assets from text or images; TripoSG [18] uses
a large rectified-flow transformer for high-fidelity mesh re-
construction. While image-to-3D models provide powerful
frame-level priors, they process each instance independently
and do not explicitly model temporal correspondences, mak-
ing it difficult to produce an animated mesh with a constant
topology across frames.

Video-to-4D via optimization. Targeting dynamic 4D
content, a common strategy first synthesizes multi-view
or multi-frame videos from a monocular sequence and
then optimizes a 4D representation. SV4D and SV4D
2.0 [49, 51] unify multi-frame, multi-view video diffu-
sion to supervise dynamic NeRFs, significantly improving
spatio-temporal consistency but still requiring per-scene
optimization. CAT4D [45] similarly converts a monoc-
ular video into multi-view sequences and then optimizes
deformable 3D Gaussians, offering strong reconstructions
and controllable camera and time, but without vertex-to-
vertex correspondences on a single topology. Related ap-
proaches [15, 30, 43, 46, 54, 56, 58] also rely on diffusion or
generative priors to supervise dynamic Gaussians or NeRFs,
typically with temporal regularizers or sparse controls and
a subsequent optimization or training stage for each scene.
DreamMesh4D [19] predicts meshes via a mesh—Gaussian
hybrid with sparsely controlled deformation followed by
optimization. V2M4 [4] enforces topology and texture con-
sistency through a multi-stage pipeline that includes camera
search, reposing, pairwise registration, and global texture
optimization. LIM [33] learns to interpolate a 3D implicit
field over time and extracts a UV-textured mesh sequence
with consistent topology through a test-time optimization.
These methods achieve high-quality 4D reconstructions but
rely on post-optimization or per-scene training.
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Stage I - Temporal 3D Diffusion
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Stage II - Temporal 3D Autoencoder
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Figure 2. Overview. Given an input video, our model generates an animated 3D mesh in two stages. (Stage 1) After computing a reference
mesh latent z, with an off-the-shelf image-to-3D model, we use our temporal 3D diffusion model to produce from z, and the video, a
sequence of time-varying but independent 3D meshes. (Stage 1) Our temporal 3D autoencoder takes theses shapes as input and predicts, for
each shape in the sequence, a deformation field of the reference mesh vertices, thus yielding an animated 3D mesh with consistent topology.

Feed-forward 4D reconstruction. A complementary line
of work reconstructs or generates 4D content in a sin-
gle forward pass, avoiding test-time optimization. Mo-
tion2VecSets [2] proposes a 4D diffusion model that de-
noises compressed latent sets for dynamic surface reconstruc-
tion from point-cloud sequences. L4GM [31] predicts a se-
quence of 3D Gaussian splats from a monocular video in one
pass and then upsamples them temporally via a learned inter-
polation model, but still operates entirely in Gaussian space
rather than producing an animated mesh with fixed topol-
ogy. Similarly, 4DGT [50] learns a transformer that directly
predicts 4D Gaussians from real monocular videos, again op-
erating in Gaussian space instead of explicit meshes. These
existing feed-forward methods either produce Gaussians or
neural fields instead of a mesh with constant topology. Con-
currently, ShapeGen4D [53] extends a pre-trained 3D gen-
erative model by introducing temporal attention, enabling
feed-forward prediction of video-conditioned 4D meshes.
Unlike our approach, it does not explicitly enforce a single,
globally consistent mesh topology across the sequence.

Animation-ready 4D assets. Several works focus on
making existing 3D assets animation-ready by predict-
ing rigs, skinning weights, or deformation fields, instead
of reconstructing geometry from raw videos. Make-It-
Animatable [10] predicts skeletons, skinning weights, and
pose rectification for meshes. MagicArticulate [38] similarly
generates articulation-ready rigs and deformations for a wide
range of shapes. SMF [26] proposes kinetic codes to seman-

tically encode motion using a self-supervised framework.
RigAnything [22] extends auto-rigging to diverse object cat-
egories via an autoregressive transformer that predicts hierar-
chical skeletons and skinning weights. For Gaussian-based
assets, RigGS [52] recovers skeletons and skinning directly
from videos, enabling articulated motion in the space of 3D
Gaussians. Several works [14, 35, 47] deform a mesh from
a video or a text prompt, using either feed-forward diffusion
models or test-time optimization.

These methods operate focus on rigging and animation,
rather than reconstructing an animated mesh from a video.

3. Method

Our goal is to generate animated 3D meshes from various
user inputs. Instead of building input-specific models, we
cast multiple generative tasks into the core video-to-4D prob-
lem, whose goal is to generate an animated 3D mesh given a
single video. To address this, we harness pretrained 3D gen-
erators to balance for the lack of 3D animated data. Specif-
ically, we build upon the 3D latent diffusion framework of
3DShape2VecSet [57] (Section 3.1) and propose minimal
modifications leading to our two-stage model called Action-
Mesh. First, we introduce a temporal 3D diffusion model,
predicting a sequence of time-varying but independent 3D
meshes (Section 3.2). Second, we present a temporal 3D au-
toencoder, converting a sequence of independent 3D shapes
into an animated mesh with a constant topology (Section 3.3).
Finally, we discuss how to apply our model to other scenarios
in Section 3.4. Figure 2 shows an overview of ActionMesh.



Terminology and problem setting. We use ‘3D mesh’ to
describe a triangular 3D mesh denoted by M = (V;F)
where V. 2 R Nv3 are the vertex positions and F 2

f1;::; N vgV 3 captures the face connectivity. We use ‘4D
mesh’ to describe a sequence of time-varying but indepen-
dent 3D meshes that do not share the same topology, which
we denote by f(V ; Fi)gh., . Finally, we call ‘animated 3D
mesh’ a sequence of 3D meshes sharing the same topology
and denoted by f(V «; F)gk.; . Note that an animated 3D
mesh is a particular form of a 4D mesh.

Let fl «g}., be a video, where Iy 2 is an
RGB frame depicting an object in motion at framestep ty.
Our objective is to predict an animated 3D mesh correspond-
ing to the input video. Specifically, we aim at predicting a
reference mesh M = (V;F) as well as its vertex position
updates V i for each framestep ti, such that V ¢ represents
the new vertices of M matching the motion depicted by | .

RHW3

3.1. Background: 3DShape2VecSet

Following the paradigm of latent diffusion models [32],
3DShape2VecSet learns a 3D diffusion model comprising
two stages: (i) a variational autoencoder (VAE) made of
an encoder Egp and a decoder D3p to encode 3D shapes
into a compact latent space, and (ii) a diffusion model Gyp
predicting latents conditioned on an input image. Specifi-
cally, given a dense set of points P sampled on the surface,
a sparse set of query vectors Q (called vector set or VecSet,
which is either learned or subsampled from P) is encoded by
a cross-attention layer using P as context. Then, the query
vectors are passed to several self-attention layers to produce
the low-dimensional latent z. The decoder D3p takes the la-
tent z, processes it with several self-attention layers and uses
the output as context to a cross-attention layer producing the
occupancy (or signed distance) of a query 3D point. Finally,
a mesh is computed by querying the decoder on a dense grid
of points and running a meshification algorithm like march-
ing cubes [24]. Note that this architecture is reminiscent of
Perceiver 10 [13] used in NLP.

The generative model Ggp is a diffusion transformer [28],
which takes the form of a decoder-only transformer [42]
where each block has an extra cross-attention layer to incor-
porate the conditioning signal. In follow-up works, the con-
ditioning signal is typically an image that is described using
a frozen DINOv2 [27]. Many advanced image-to-3D models
build on top of VecSet, e.g., CLAY [59], Craftsman [17],
TripoSG [18] or Hunyuan3D [41]. In this work, we adopt
TripoSG as our backbone for its state-of-the-art performance
and its open-source implementation, but our formulation
should be applicable to other VecSet backbones. One speci-
ficity of TripoSG is that it relies on rectified flow [21, 23]
and that the flow timestep s 2 [0; 1000]is Fourier-embedded
and concatenated as an additional token (see [18]).

Figure 3. Image-to-3D results on video frames. Running an
image-to-3D model on each frame produces meshes exhibiting in-

consistent global orientation (left) or inconsistent geometric details
(right), even when using identical Gaussian noise in the denoiser.

3.2. Stage |: Temporal 3D Diffusion

Our goal in the first stage is to produce a 4D mesh, i.e.,
a sequence of meshes without consistent topology, from a
monocular video. A naive approach is to apply an off-the-
shelf image-to-3D generator independently on all frames of
the video. However, we found that this per-frame generation
exhibits severe inconsistencies across frames, such as incon-
sistent 3D orientations or geometric errors that manifest as a
surface flickering through time (see Figure 3). This is some-
how expected since this naive approach lacks a mechanism
enforcing consistency across frames.

To encourage cross-frame consistency, we introduce
temporal 3D diffusion models. Drawing inspiration from
multi-image models derived from pretrained image mod-
els [9, 11, 34, 37], we propose to augment pretrained 3D
diffusion models with a temporal axis to encourage the gen-
erations to be synchronized. Specifically, we introduce two
minimal changes to the original architecture, namely inflated
attention and masked generation, which we describe next.
Note that we use ‘temporal 3D diffusion’ instead of ‘4D
diffusion’ since it is more accurate and it differentiates from
recent 4D diffusion works extending image/video models
to handle multi-views [20, 44, 58]. Figure 2 illustrates our
resulting diffusion model architecture.

Inflated attention. Given a sequence of N frames, we
build a model that outputs corresponding 3D latents in a
synchronized fashion. Inspired by MVDream [34] for multi-
view generation, we propose to inflate the existing self-
attention layers to allow the cross-frame synchronization of
latents. There are two benefits: (i) the tokens now attend to
all tokens across frames, and (ii) we leverage existing layers
that are already pretrained. Specifically, let X2 R N TP

be T tokens of dimension D corresponding to the N frames.
Inflated self-attention (infattn ) is applied by reshaping the
tensor, applying standard self-attention (selfattn) and re-



shaping back for subsequent layers as:
infattn(X) = reshape * (selfattn(reshape(X))); (1)

where reshapeflattens the first two dimensions such that
reshape(X) 2 R!NTP  and reshape is the reverse
operation. To reduce the (NT)? complexity overhead, we
use the efficient FlashAttention2 implementation [6]. This
mechanism improved the consistency across latents, yet, we
still observed small jittering across consecutive frames. To
mitigate this issue, we propose to inject the relative frame
position information via rotary positional embedding [39]
inside the inflated attention layers. We found this simple
solution to generate smoother motions across frames. Note
that these simple modifications not only allow us to finetune
from pretrained 3D diffusion models, but also to directly
reuse the pretrained 3D autoencoders.

Masked generation. The model described above generates
consistent 4D output from a given video, but it does not allow
us to easily start the generation from known 3D meshes,
which has practical applications (see Sec. 3.4). Hence, we
turn our model into a masked generative model [3, 16] where
some 3D latents in the sequence are known and only the
remaining ‘masked’ latents need to be generated. Note that
such masked adaptation of pretrained generative models is
reminiscent of multi-view models like CAT3D [9].

To do so with minimal architectural changes, we pro-
pose to maintain some noise-free 3D latents during our tem-
poral 3D diffusion model training, similar to CAT3D [9].
Specifically, let Ns be the number of source latents and N
be the number of target latents such that N = N g + N .
During training, given an input sequence of 3D latents
Z=1z g, 2RNTP  werandomly sample N latents
and keep the latter noise-free before feeding the sequence
to the denoiser. To inform the model about the noise-free
latents, we set the flow matching step to 0, which is a more
natural solution than CAT3D’s binary mask injection. Fur-
thermore, we do not apply the diffusion loss on these source
latents during training. During inference, given a set of J
source meshes fM gle , we first use the 3D encoder Ezp
to compute for each k 2 fk | gle the corresponding 3D
latent z, = E3p(M ). Then, before each denoising step, we
copy the clean latents into the noisy latent sequence, allow-
ing all noised tokens to attend to the latent representations of
the known meshes. Technically, our model now corresponds
to a masked temporal 3D diffusion model.

To run inference from a single video, we first use an
off-the-shelf image-to-3D generator, which can be applied
to any frame I of the video. In particular, this allows the
selection of a frame where the object is well visible and
free of distortion and motion-blur. After recovering a 3D
mesh, we can then apply our masked model described above.
Note that this process is agnostic to the image-to-3D model

used, therefore it would directly benefit from advances in
this area. Unless stated otherwise, we use TripoSG [18] for
the image-to-3D model. See the supplemental for details.

3.3. Stage I1: Temporal 3D Autoencoder

Using our temporal 3D diffusion described above, we can
predict a generic 4D mesh f(V «;Fk)gl., corresponding
to the input video. However, this 4D representation is im-
practical because the mesh topology changes throughout the
sequence, preventing downstream applications such as tex-
turing. We thus aim at computing a 4D output corresponding
to the explicit animation of a reference mesh (V; F) . For this
purpose, we propose to predict time-dependent vertex defor-
mations  suchthat (V + ;F) approximates the surface
of (V «; Fk). While prior works rely on slow optimization
algorithms to solve this task [4, 19, 33], we instead solve it
with a feed-forward autoencoder taking the time-varying 3D
meshes as input and outputting temporal deformation fields
applied to the reference mesh. We do so by starting from a
pretrained VecSet-based VAE which we modify to handle
temporal 3D data and produce deformation field outputs,
hence yielding a model we term temporal 3D autoencoder.
Similar to the original VecSet VAE, such an autoencoder is
also translational, as it translates a sequence of point clouds
into a sequence of deformation fields.

Formulation. Given a sequence of N independent meshes,
we first sample 3D point clouds for each mesh and pass them
independently through the frozen 3D encoder Esp to obtain
shape latents Z = fz gk, . Importantly, this part is iden-
tical to the original 3D autoencoder, which is critical for
keeping consistency between the latents predicted by our
temporal 3D diffusion and the latents of this temporal 3D
autoencoder. On the other hand, our decoder Dyp differs
from the original D3p by ingesting the entire sequence of
latents Z and predicting for each latent the corresponding
3D deformation field of the reference mesh. Concretely,
given two arbitrary framesteps t; and t;, the decoder first
processes all tokens with self-attention layers and then out-
puts the displacement from t; to t; of a query 3D point via a
final cross-attention layer. To indicate source and target, the
framesteps (t;;tj) are Fourier-embedded, concatenated, and
injected as an extra token. During training, the query points
correspond to 3D points randomly sampled on the source
mesh surface whereas during inference, we feed the 3D ver-
tex positions of the reference mesh. In practice, we augment
such query points with their normals and found that such
local geometry helps disambiguate points that are spatially
close yet topologically distant. Following insights from our
temporal 3D diffusion model, we encourage cross-shape con-
sistency by inflating the decoder’s self-attention layers and
encoding relative position offsets with rotary embeddings.
The autoencoder is illustrated in Figure 2.



3.4. Applications

As described above, ActionMesh predicts an animated 3D
mesh given a video, thus solving a video-to-4D problem.
One of its specificities is its masked generative modeling
which enables us to incorporate known 3D shapes in the
generation process. This characteristic not only allows us
to solve a f 3D+videog-to-animation problem, but also to
unlock several useful applications that we describe next. Fig-
ures 1 and 4 showcase some of these applications.

f 3D+textg-to-animation. To predict an animation given a
mesh and a text prompt describing the motion, we first render
the mesh using a frontal viewpoint and a white background
to get an image |,. Then, we use an off-the-shelf video
model to animate the image | given the text description,
yielding a video fl (g}, . Finally, we apply ActionMesh
with the known 3D and the generated video.

f Image+textg-to-4D. To predict an animated 3D mesh
from an image depicting an object and a text prompt de-
scribing the motion, we use an off-the-shelf image-to-3D
model to recover a 3D mesh, and then use our f 3D+textg-to-
animation process.

Text-to-4D. To predict an animated 3D mesh from a single
text prompt, there are two possibilities: (i) we can run a video
model to generate a video from the text and use ActionMesh;
or (i) we can use an image generator to compute an image,
and then run our fimage+textg-to-animation process. In
practice, we use the latter option.

Motion transfer / retargeting.  Although our model was
not explicitly trained for retargeting, we found that it can
transfer motion from an input video representing an object
A to a different 3D object B. Specifically, this is done by
simply running our f 3D+videog-to-animation process with
inconsistent objects.

Animation extrapolation. Given its autoregressive mod-
eling, ActionMesh can also extrapolate animations, for in-
stance generating coherent animations from long video se-
guences. Concretely, we split the long video into chunks and
use the first chunk as input to our video-to-4D component.
Then, we iterate the f 3D+videog-to-animation process on
the ensuing chunks, by recursively inputting the 3D output
corresponding to the last frame of the previous chunk.

4. Experiments

We evaluate our model on the common video-to-4D task.
We first compare to the state of the art through a quantitative
comparison on a benchmark constructed from Objaverse [8]
as well as a qualitative analysis on the Consistent4D bench-
mark [15] (Section 4.1). Then, we present additional results
corresponding to other applications of our method and per-
form an ablation study of our key components (Section 4.2).

Table 1. Quantitative results on ActionBench. We report results
from prior works, namely LIM [33], DreamMesh4D [19] V2M4 [4],
ShapeGen4D[53], TripoSG [18] and TRELLIS [48]. We outper-
form all baselines across metrics while running significantly faster.

Method Time CD-3D# CD-4D# CD-M#
TRELLIS [48]  15min 0.065 0.181 -
TripoSG [18] 2min 0.056 0.184 -
DM4D [19] 35min 0.104 0.152 0.265
LIM [33] 15min 0.089 0.126 0.243
V2M4 [4] 35min 0.068 0.340 0.616
SG4D [53] 15min 0.056 0.170 0.348
Ours 2min 0.053 0.081 0.148

Figure 4. Motion transfer results. Our model is able to accurately
transfer the motion from a source video to target meshes, even if
the objects are inconsistent.

4.1. Comparison to SOTA

Baselines. We compare our model to four state-of-the-art
video-to-4D methods, namely LIM [33], DreamMesh4D
(DM4D) [19], V2M4 [4], and ShapeGen4D (SG4D) [53];
and two image-to-3D models applied per-frame, Tri-
poSG [18] and TRELLIS [48]. We use the official imple-
mentations for TRELLIS, TripoSG, DM4D and V2M4. For
LIM, we trained a re-implementation with our dataset. For
ShapeGen4D, the authors provided results on our dataset.



Figure 5. Qualitative comparison on Consistent4D [15]. LIM [33] and DM4D [19] tend to produce coarse geometries that lack details.
VV2M4 [4] and SG4D [53] recover sharper details but leave artifacts and partial drift. In contrast, our model preserves the highest geometric
fidelity across frames with a strong temporal consistency. See our project webpage for animated meshes and additional examples.

Quantitative comparison on ActionBench. Since there
is no open-source quantitative benchmark, we build Action-
Bench, a new benchmark dataset of 128 animated scenes
based on Objaverse [7, 8], and release it to support repro-
ducible evaluation and future work. We evaluate on Ac-
tionBench and report three metrics that are complementary.
First, we evaluate the per-frame 3D reconstruction quality
by aligning, for each frame, the predicted mesh with ICP [1]
and computing the chamfer distance between ground-truth
and prediction (CD-3D). Second, the 4D reconstruction
quality is evaluated by aligning the predicted mesh sequence
with a global ICP applied on the first mesh, and averaging
the chamfer distance (CD-4D). Third, we evaluate motion
fidelity with a chamfer-like distance tailored to quantify mo-
tion (CD-M). Specifically, after aligning the mesh sequence
with a global ICP, we establish nearest neighbor correspon-
dences using the first mesh. Then, for each remaining frame,
we evaluate the bidirectional distance between corresponding
points. We provide evaluation details in our supplementary.

We report the scores in Table 1. Quantitatively, our
method outperforms the baselines across all metrics by a
significant margin. Compared with the best prior result
for each metric, our model improves CD-3D, CD-4D and
CD-M by 5%, 35%, and 39%, respectively. In addition, it is
an order of magnitude faster at inference (2min vs 15-45min
for prior works, all evaluated on a single H100 GPU).

Quialitative comparison on Consistent4D. We compare
our method on videos from the standard evaluation set of

Consistent4D [15] and representative examples are shown
in Figure 5. We observe that LIM and DreamMesh4D exhibit
reduced shape fidelity with softer details and visible artifacts.
Although V2M4 and ShapeGen4D recover sharper details,
they also produce artifacts and partial temporal drift. On the
contrary, our model yield high-quality meshes with a better
temporal coherence and a much stronger motion fidelity. It
is worth noting that it does so while being significantly faster.
Other examples are shown in our supplementary.

4.2. Additional results

Real-world videos. In Figure 6, we demonstrate our
method’s robustness by showing qualitative results on real-
world videos from DAVIS [29], where a segmentation model
was used to isolate the foreground object. Although our
model was only trained on synthetic data, it is able to perform
accurate 4D reconstructions on these challenging examples.
In particular, it is able to capture large-scale motions like a
jumping horse (top right) as well as more subtle movements
like a bear walking (bottom right). Notably, our rig-free
approach excels in handling complex, multi-part animations,
as illustrated by the aquarium scene (bottom left).

Motion transfer. In Figure 4, we show our model’s ability
to transfer motion from a video representing an object A
to a different object B, without explicit training for this
task. We found this process to work well when semantic
correspondences between objects can be established, like
animating a 3D dragon using a video of a flying bird (botton).



Figure 6. Qualitative results on real videos from DAVIS [29]. Even in these challenging scenarios, our model produces accurate animated
3D meshes, thus demonstrating its ability to handle complex motions, multiple objects and occlusions. See supplemental for more results.

Table 2. Ablation study. We evaluate some key components on
32 animated scenes from ActionBench, namely our stage I, both
stages | and 11, and the pretrained model we started from by using
Craftsman [17] instead of TripoSG [18].

Ablation type CD-3D# CD-4D# CD-M#

Full model 0.050 0.069 0.137
w/o stage I 0.050 0.069 -
wi/o stage | & 1l 0.050 0.187 -
w/ Craftsman backbone  0.072 0.117 0.216

Ablation study. Table 2 analyzes the influence of some
of our key design choices. First, we remove stage Il and
thus evaluate the performance of stage | only, which is not
able to produce animated 3D meshes. Interestingly, stage 1l
preserves the 3D reconstruction quality while allowing us to
predict an animated mesh. Second, we remove both stages;
this amounts to running the image-to-3D model (TripoSG)
on each frame independently. This experiment shows that
stage | is the critical component to obtain accurate 4D recon-
structions. Besides, thanks to our minimal modifications, it
is worth noting that adding both stages does not harm the 3D
reconstruction quality of our backbone. Finally, we replace
the TripoSG [18] backbone with Craftsman [17] and observe
that the method still achieves competitive performances. We
provide additional analysis in our supplementary material.

5. Conclusion

We presented ActionMesh, a fast, feed-forward generative
model that produces animated 3D meshes that are topology-
consistent and rig-free, directly from diverse inputs. Our
key insight relies on temporal 3D diffusion: we extend pre-
trained 3D diffusion models with a temporal axis to gen-
erate a sequence of synchronized shape latents, and then
use a temporal 3D autoencoder to translate these shapes
into deformations of a reference mesh, yielding an anima-

Figure 7. Limitations. Typical failure cases arise for videos with
topological changes (left) and regions that are occluded either on
the reference frame (middle) or during the motion (right).

tion with consistent topology. This delivers high-fidelity
shape and motion in 2 minutes, enabling rapid iteration and
seamless downstream use in texturing and retargeting. We
report state-of-the-art geometric accuracy and temporal con-
sistency, demonstrating that our model is a simple, general,
and practical path to production-ready animated 3D meshes.

Limitations and directions. We highlight two typical fail-
ure cases in Figure 7 that we discuss next:

« Topological changes (left). We assume fixed connectivity
and thus changes in topology cannot be modeled. Rather
than explicit mesh surgery, a promising direction is to en-
able topology-aware latent updates that instantiate, fuse,
or remove local parts without manual connectivity edits.

« Strong occlusions (middle, right). Although our model is
able to hallucinate parts that are not visible, it sometimes
fail at reconstructing occluded regions, in particular when
they are missing from the reference frame or when they
disappear during a complex motion.

ActionMesh’s ability to lift everyday video into 4D unlocks
learning geometric motion priors directly from videos. We
believe this closes the loop between large-scale video cor-
pora and mesh-native reasoning, paving the way for richer,
more generalizable 4D understanding and generation.
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ActionMesh: Animated 3D Mesh Generation with Temporal 3D Diffusion
Supplementary Material

In this supplementary document, we present additional re-
sults (Section A), more ablation studies (Section B) and
details of implementations (Section C). We encourage read-
ers to consult the video results provided on our webpage:
https://remysabathier.github.io/actionmesh/.

A. Additional results

Consistent4D comparison. We include additional qualita-
tive comparisons on the standard Consistent4D [15] evalua-
tion set in Fig. 9. Our method produces reconstructions with
sharper geometry, fewer temporal artifacts, and more faithful
motion than competing approaches. We release videos for
all Consistent4D scenes and all baselines, rendered from
three viewpoints each, on the supplementary website under
the section Application 1: video-to-4D.

DAVIS results. We add more qualitative results on real-
world videos from DAVIS [29] in Fig. 10. Despite being
trained exclusively on synthetic videos, our approach gener-
alizes well to in-the-wild footage, recovering sharp geometry
and plausible motion. Videos for all DAVIS examples are
provided on the supplementary website under the section
Application 1: video-to-4D.

Long animation generation. In the standard setting, our
model is trained to generate animated sequences of 16
frames. Thanks to its autoregressive modeling, we can apply
our model to longer videos by recursively rolling out pre-
dictions: the last 3D output of one inference is fed back as
conditioning for the next one. In the supplementary website,
we showcase video-to-4D reconstructions of sequences with
61 frames, obtained from a single standard 16-frame infer-
ence pass followed by three additional autoregressive passes.
These examples illustrate that our model can maintain coher-
ent geometry and motion over significantly extended time
horizons beyond its training sequence length. Videos are
listed under the section Application 1: video-to-4D.

Video results. We provide on our supplementary website
a comprehensive set of videos illustrating the five main ap-
plications of our model. (i) Video-to-4D: we show recon-
structions on the Consistent4D [15] evaluation set and on
real-world DAVIS [29] videos (see paragraphs above). (ii)
f 3D+textg-to-4D: given a static 3D textured mesh and a mo-
tion description, we animate well-known benchmark meshes

(the armadillo and the cow) as well as additional textured
meshes produced by an external 3D generative model. Since
our method outputs animated meshes with fixed topology,
textures remain coherent and are consistently propagated
throughout the entire sequence. (iii) f Image+textg-to-4D:
starting from single images drawn from standard 3D evalu-
ation sets used in TripoSG [18], Dora [5], and Trellis [48],
we manually attach a short motion description to each im-
age (e.g., the astronaut “dancing”, the mushroom “singing
opera”) and generate an animated 3D mesh out of them. (iv)
Text-to-4D: we generate animated meshes directly from tex-
tual prompts describing both the object and its motion, such
as “an octopus playing maracas”. (v) Motion transfer: we
include motion transfer videos with two input motions, each
applied on two different meshes.

Mesh Animation. As discussed in Section 3.4, Action-
Mesh allows the integration of known 3D shapes into the gen-
eration process, enabling solutions to both the f 3D+videog-
to-animation and f 3D+textg-to-animation problems. Several
recent works have focused specifically on this task [14, 35,
47]. Among these, AnimateAnyMesh [47] stands out as a
text-driven, feed-forward mesh animation model capable
of generating animations in approximately 6 seconds on a
single NVIDIA H100 GPU. We present a qualitative compar-
ison between ActionMesh and AnimateAnyMesh in Figure 8.
While ActionMesh is notably slower, it produces animations
with significantly greater motion expressiveness. For exam-
ple, in the ”panda doing martial art” scenario, ActionMesh
reconstructs a coordinated motion involving both the upper
and lower body, whereas AnimateAnyMesh primarily ac-
tivates only the upper body. Similarly, for the armadillo
casually walking” prompt, AnimateAnyMesh fails to ani-
mate the subject’s legs, while ActionMesh generates a more
natural, full-body motion. The superior expressiveness of
ActionMesh stems from its reliance on the strong motion pri-
ors of video diffusion models, rather than being constrained
by a limited dataset of animated objects. As described in Sec-
tion 3.4, our approach animates a mesh from a text prompt
by first querying an off-the-shelf video generator, then apply-
ing ActionMesh to the known 3D shape and the generated
video. In contrast, AnimateAnyMesh learns its motion prior
from a dataset of approximately 66k animations—primarily
from animated objects in Objaverse [7, 8]—which inher-
ently limits the diversity and expressiveness of the generated
motions.


https://remysabathier.github.io/actionmesh/

Figure 8. Comparison to AnimateAnyMesh [47]. Panda “doing
martial art”, Firefly “flapping its wings”, Armadillo “casually walk-
ing”. The Armadillo mesh is sourced from the Stanford Computer
Graphics Laboratory.

Table 3. Ablation study - Temporal 3D denoiser.

Ablation type CD-3D# CD-4D#

Full model 0.050 0.069
w/o rotary embedding 0.054 0.084
w/o masked modeling 0.062 0.116

Table 4. Ablation study - Temporal 3D autoencoder.

Ablation type CD-M#

Full model 0.137
w/o normals 0.148
W/0 ft g, tigeg in self-attentions 0.151

B. Additional ablation studies

Temporal 3D diffusion (stage 1). We report additional
ablations of the temporal 3D diffusion model in Tab. 3. First,
we study the importance of injecting relative frame informa-
tion inside the inflated self-attention layers. In our default
setting, we add rotary positional embedding [39] of the rela-
tive frame index in the inflated self-attention layers. We train
a variant where inflated attention is kept but all temporal
rotary embeddings are removed. On our Objaverse evalua-
tion set, this leads to a clear degradation of both CD-3D and
CD-4D, confirming that explicit temporal encoding is criti-
cal for stable, temporally coherent 4D generation. Second,
we ablate the masked generation mechanism. In the default
configuration, for video-to-4D we compute a reference mesh
latent z, from an off-the-shelf image-to-3D model and inject
it as a clean source latent while generating the remaining
(masked) latents. We train a model where this mechanism
is disabled and the diffusion model is conditioned only on
video frames, with no noise-free latents. This variant cannot
support several applications enabled by our masking strat-
egy, including f 3D+textg-to-4D, f image+textg-to-4D and
autoregressive long-horizon generation. Beyond this loss of

functionality, it also underperforms our full model on video-
to-4D reconstruction metrics, indicating that leveraging a
strong image-to-3D prior through masked modeling both
broadens the application scope and improves geometric and
motion fidelity.

Temporal 3D autoencoder (stage I1). We report abla-
tions of the temporal 3D autoencoder in Tab. 4. First, we
study the impact of augmenting query 3D points with sur-
face normals. In our default configuration, each query point
is represented by its position and normal, a choice moti-
vated by the need to disambiguate deformations of points
that are spatially close but topologically distant on the sur-
face. Removing normals and using positions yields a drop in
performance. Second, we ablate how the source and target
timesteps (tsrc; tigt) that parameterize the deformation field
are injected into the model. By default, we treat tgc and tyg
as an additional token concatenated to the shape latents, so
that they are jointly processed in the self-attention layers
of the temporal 3D autoencoder. We compare this with a
variant where (ts.; tig) are instead appended as extra fea-
tures to the query points (alongside position and normals).
While this latter design has a practical advantage—enabling
substantial speed-ups when predicting multiple deformation
fields for the same shape tokens, since the post—self-attention
context can be cached and reused—we observe a degradation
in performance.

Autoregressive generation. \We ablate our autoregressive
design choices in Tabs. 5 and 6. In Table 5, we vary the num-
ber of keyframes N used to train the temporal 3D denoiser
(stage 1) and the temporal 3D autoencoder (stage I1). In the
default configuration, both stages operate on sequences of 16
keyframes. We additionally train variants of each stage with
4 or 8 keyframes, and evaluate some pairwise combinations
of (stage I, stage Il) configurations on our evaluation set of
16-frame sequences. For models trained with fewer than 16
keyframes, we reconstruct the sequence by splitting it into
shorter chunks and we process them autoregressively. We
observe that having a larger sequence length is particularly
important in stage I: increasing the number of keyframes in
the denoiser (autoencoder fixed) leads to a significant im-
provement across all metrics. In contrast, stage Il is less
sensitive to this choice. In Table 6, we study the design
choices of our autoregressive regime. In the standard setting,
we process long videos by splitting them into consecutive
chunks; the first chunk is reconstructed as usual, and for each
subsequent chunk we feed the last reconstructed 3D output
as additional input (reference) along with the current video
segment. In practice, both the temporal 3D denoiser and the
temporal 3D autoencoder can accept one or more reference
meshes as input, thus defining a context window c¢,, for our
model. Increasing the number of context frames, however,



Figure 9. Additional qualitative comparison on Consistent4D [15].



Figure 10. Additional qualitative results on real videos from DAVIS [29].

implicitly increases the total number of inference steps, since
fewer new frames are generated per pass. On sequences of
31 timesteps, we find that enlarging the context window has
limited effect on reconstruction metrics, while incurring ad-
ditional computational cost. We therefore set ¢, = 1 in both
stages in our final model to maximize efficiency.

Reference frame. We ablate the impact of the reference
frame in Tab. 7. Specifically, we compare using the first
(default), middle, or last frame as the reference for stage |
and stage I1. We observe that selecting either the middle or
last frame as the reference leads to slightly worse quantitative
results. We attribute this to the fact that the mesh is typically
in a more favorable position for 3D reconstruction in the first
frame, with fewer topological ambiguities and less motion
blur in the reference image used by the image-to-3D model.
Regardless of which reference frame is chosen, we note that
our method consistently outperforms all baselines reported
in the main paper.

Table 5. Ablation study - Number of frames. We train the
temporal 3D diffusion model and the temporal 3D autoencoder
with various number of frames N and compare reconstructions on
16 keyframes.

Stage | -N Stage Il -N CD-3D# CD-4D# CD-M#

4 16 0.057 0.091 0.187
8 0.055 0.086 0.176
16 4 0.051 0.073 0.144

8 0.050 0.073 0.144
4 4 0.056 0.091 0.187
8 8 0.055 0.085 0.175
16 16 0.050 0.069 0.137

C. Implementation details

Temporal 3D diffusion. The temporal 3D diffusion model
follows the TripoSG [18] backbone: it is composed of 21
self-attention DiT blocks (16 heads, 2048 width, 64 latent
dim). We train with AdamW (learning rate 1 10 4 , weight
decay 1 10 2 ) in bfloat16 mixed precision, using a global



Table 6. Ablation study - Autoregressive context window. We
evaluate our model trained with N = 16 keyframes on sequences
of 31 timesteps for different context window cy,.

Stage | - cy Stage Il -cy CD-3D# CD-4D# CD-M#

1 0.051 0.098 0.195
4 1 0.051 0.094 0.190
8 0.051 0.090 0.185

1 0.051 0.098 0.195
1 4 0.050 0.097 0.196

8 0.051 0.098 0.196
1 1 0.051 0.098 0.195
4 4 0.050 0.094 0.191
8 8 0.051 0.091 0.187

Table 7. Ablation study - Reference frame. We evaluate our
model by taking either first (default), middle or last frame as the
reference frame, for stage | and stage II.

Reference frame CD-3D# CD-4D# CD-M#

First 0.050 0.069 0.137
Middle 0.054 0.074 0.148
Last 0.055 0.079 0.161

batch size of 96 for 170;000steps. The dataset comprises
13;200animated object sequences drawn from Objaverse [8],
Objaverse-XL [7], and an internal corpus. Inputs. (i) Input
frames: for each armature-driven sequence (at least 16 and
up to 128 keyframes), we render 16 viewpoints per keyframe
with uniformly spaced azimuths and elevations in [40 ;85 ].
(ii) Input point-clouds: for each sequence we construct a
canonical point cloud P 2 R N*® with N, = 500;000
points (XYZ and normals) together with the armature config-
urations over keyframes; we then deterministically deform
P to each keyframe k to obtain Py, aligned with the ren-
dered image |¢. Training uses 16-frame sequences: each
batch contains a video clip (16 H W 3) and the
aligned sequence of deformed point clouds with normals
(16 N , 6) . We extend TripoSG image pre-processing
to video by computing the union object bounding box over
the whole sequence and resizing every frame so that this
box occupies 90% of the height or width; applying a con-
sistent crop across frames avoids spurious scale/translation
cues. Consistent with [53], we find that deforming a single
canonical point cloud over time—rather than re-sampling
points at each timestep—is critical for stable training of our
temporal 3D diffusion model. We encode point clouds with
a frozen Egp to obtain latents; during training, we randomly
select Ng 2 f1;2; 3g latents as ground-truth conditioning
and train on the remaining latents using the standard flow-
matching objective. Due to memory constraint, we train with
T = 1024 tokens, however, at inference, T = 2048.

Temporal 3D autoencoder. The temporal 3D autoencoder
model follows the TripoSG [18] backbone. It has 16 self-
attention and 1 cross-attention DiT layers (8 heads, 1024
width). We train the temporal 3D autoencoder with the same
optimization hyperparameters and bfloat16 mixed-precision
setup as temporal 3D diffusion, using the identical corpus
of 13;200animated object sequences. Training again op-
erates on 16-frame clips: for each sequence, we provide
the model with the deformed point cloud trajectory, where
each point cloud contains XYZ coordinates and normals
at keyframe k. In addition, we sample a source and a tar-
get timestep (trc; tigt) uniformly between the first and last
keyframe and extract a set of surface points by deforming
randomly sampled mesh points from tgc to tiy. The temporal
3D autoencoder is trained to regress these deformations from
the input 3D latents on the keyframes, minimizing an ‘, loss
between predicted and ground-truth positions. Unlike the
temporal 3D diffusion stage, this training setup does not rely
on latents from a temporally synchronized canonical point
cloud: surface points can be re-sampled independently at
each timestep, simplifying data preparation and decoupling
the autoencoder from the canonical-deformation assumption.

Quantitative evaluation. Our quantitative benchmark Ac-
tionBench is composed of 128 animated scenes from Obja-
verse [7, 8], each comprising a textured, rigged mesh with a
predefined animation sequence. For every scene we select
the first N = 16 keyframes and render from a fixed camera
with azimuth 70 . Each mesh is converted to a watertight
representation and the animation is rigidly normalized to a
canonical cube [ 1;1] 3, yielding synchronized sequences
fv k;Fgl’:':l and fl kg, .

Given watertight ground-truth meshes fM gk, and
predicted meshes M gl, , we uniformly sample P =
100;000surface points from each mesh (area-weighted).
Let Sy = fx kg2, R 2and § = f &g, denote
the sampled point sets. Prior to distance computation, we
rigidly align predictions to the ground truth using lterative
Closest Point (ICP) [1]. We report two alignment proto-
cols: ICP3D (frame-wise), where for each k, we estimate
(r;te) 2 SO@B) R 2 that aligns &y to S¢; and ICP4D
(sequence-wise), where we estimate (r1;t1) onk =1 and
apply it to all frames giving fr 1R +t 10;. We denote by
SEP and SEP the aligned predictions under the chosen proto-
col. In practice, we use the gradient-based implementation
of [25] to align shapes with ICP.

Chamfer-based shape metrics. The symmetric Chamfer
distance (CD) between the ground-truth and predicted point
sets at frame k is defined as
X h i
min kx;  RkZ+min kx Ry k3 :
X2S g

CD(Sx:; 8¢) = % mif
)

i=1



We define CD-3D as the temporal average of the symmetric
Chamfer distance computed per frame under ICP3D align-
ment.
1 X
CD-3D = -~ CD(Sx; SiP): (3)
k=1
When the alignment is ICP4D (single transform fromk = 1),
we use S, in the equation above and we refer to the resulting
average as CD-4D.

Motion Chamfer distance. Analogous to Chamfer dis-
tance, after aligning sequence-wise using ICP4D, we estab-
lish two directed nearest-neighbor maps (GT ! PRED and
PRED ! GT ) at the first frame and keep them fixed for the
whole sequence:

2

i = argmin - Xy Ry o (4)
j2f1;:5Pg
. 2
i = argmin - Xgj o Ry ! 5)
j2f1;:5Pg

We then propagate these correspondences to every frame
k without recomputing nearest neighbors, and refer to the
resulting average as CD-M:

1 XX 2
CD-M= — Xki R + Xk . Rici
P ' b2 v )
k=1 i=1

2.
2t

(6)
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