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Fig. 1: MeshReGen is a di!usion-based 3D regeneration framework that reconstructs
complete 3D shapes from coarse geometry using 2D image cues. The regeneration
prior is learned through self-supervised pretext tasks and augmentations, without task-
specific architectures or extra annotations. Users can input a coarse mesh (3D Enhance-
ment), incomplete point cloud (3D from Point Cloud), or masked mesh (3D Editing) to
recover detailed, complete 3D shapes. Please refer to the project page for more details.

Abstract. We consider the problem of regenerating 3D objects from
2D images and initial 3D shapes. Most 3D generators operate in a one-
shot fashion, converting text or images to a 3D object with limited con-
trollability. We introduce instead MeshReGen, a 3D regenerator that is
conditioned on an initial 3D shape. This conceptually simple formula-
tion allows us to support numerous useful tasks, including 3D enhance-
ment, reconstruction, and editing. MeshReGen uses a new condition-
ing mechanism based on VecSet, which allows the regenerator to up-
date or improve the input geometry with consistent fine-grained details.
MeshReGen learns a widely applicable regeneration prior from o!-the-
shelf 3D datasets via self-supervised pretext tasks and augmentations,
without additional annotations. We evaluate both the geometric consis-
tency and fine-grained quality of MeshReGen, achieving state-of-the-art
performance in controllable 3D generation across several tasks.
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Fig. 2: Overview. MeshReGen takes both 2D image and initial 3D geometry as input,
enabling explicit control over global geometry (e.g., pose, coarse shape) while improving
fine-grained details. The 3D condition is encoded as VecSet latents (zL) that compactly
represent the global geometry. After taking the sum with the positional embeddings,
these conditioning and random latents are di!used by a DiT into enhanced latents and
then decoded into a complete, high-quality 3D shape.

1 Introduction

While the fidelity of 3D generators keeps improving, control is still mostly limited
to providing a textual or image prompt, which is often insu!cient in applications.
For example, 3D artists often start with a 2D concept art that captures the 3D
content that must be created, but are often given additional specifications of
a di"erent nature too. An example workflow may have the artist sketch the
3D shape using a 3D sculpting tool, followed by iterative refinement or editing.
In other cases, the artist starts from a noisy scan (3D point cloud) of a real-
life object, obtained using photogrammetry, and reconstructs that into a clean,
faithful 3D shape that can be used in production. All these examples require the
3D generation process to be controlled by 3D signals of various types (sculpts,
scans, block-outs) in addition to 2D signals (concept art).

Recent advances in 3D generation [56, 65, 77, 80] have focused on an image-
based workflow, where a 3D object xH → R3 (a surface) is generated from a
2D image I ↑ RD.3 Hence, generation amounts to drawing a sample xH from
the distribution p(xH | I). However, in the more elaborate workflows discussed
above, it is necessary to control the generation process by an additional signal yL,
like a sculpt, a block-out, or a 3D scan. While the nature and interpretation of
these signals are widely di"erent, there are some important similarities too. First,
all such 3D signals can be represented as 3D shapes yL → R3. Secondly, these
3 This is true for text-based generation as well, as the text prompt is converted to a

2D image via a text-to-image model.
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3D shapes yL contain significantly less or distorted information than the target
shape xH . For example, yL may be (i) a coarse but geometrically aligned proxy
(e.g., voxel grid or bounding box) or (ii) a degraded and potentially misaligned
geometry (e.g., a noisy scan or a distorted intermediate generation). Hence, the
common goal is to map a Low-information 3D shape yL to a High-information
3D shape xH . In this paper, we thus ask whether, despite their di"erent nature,
all these tasks can be solved by a single architecture and learning formulation.

We call this common problem 3D shape regeneration. Formally, the goal of
3D regeneration is to draw a 3D shape xH from a distribution p(xH | yL, I)
where I is a 2D image and yL is an auxiliary 3D shape that may contain sig-
nificantly less information than xH . Two key challenges arise in training general
3D regenerators: (a) developing a task-agnostic architecture that solves all these
tasks, and (b) addressing the scarcity of paired 3D training datasets.

Prior work has considered specific instances of regeneration problems like
editing [26] and enhancement [12] or considered controls that align accurately
with the target shape like bounding boxes [20, 80] using task-specific architec-
tures. It is less clear whether a single architecture can handle a wide variety
of inputs, including those that contain distortion or poorly-aligned geometric
information such as noisy scans, lossy-compressed assets, or outputs from low-
quality 3D generators. Here, we seek a unified architecture that can handle all
such cases.

To design such a general-purpose architecture, we start from VecSet [77],
a powerful and highly flexible 3D latent space representation. VecSet is based
on a pair of encoder and decoder functions z = E(x) and x = D(z), where
z ↑ RN→d is a set of N latent vectors of dimension d. In prior works, this latent
space has been used to train latent conditional di"usion models, usually in the
form of a Di"usion Transformer (DiT) [44] implementing a denoising function
z↑ = ω(z, I), where z is a noisy latent and I is a conditioning image. As we show
in Sec. 3 and Fig. 2, we can adapt this architecture to solve the 3D regeneration
problem by conditioning the di"usion process on the input coarse shape yL, also
encoded in the same latent space zL = E(yL).

Rather than injecting 3D controls via separate cross-attention [20, 80], we
encode both the conditioning shape yL and the target shape xH using the same
VecSet encoder and concatenate their tokens as joint input to the DiT. This
design minimally modifies the pretrained generator, allowing the 3D condition
to be processed by the same self-attention mechanism used during pretraining.
We show that this simple VecSet-level concatenation strategy empirically out-
performs cross-attention and other conditioning mechanism alternatives.

Besides the architecture, the other significant challenge is the lack of training
data for these tasks. Although large-scale 3D base datasets are now generally
available [9], these datasets lack the annotations required to learn 3D regener-
ation models (namely pairs (xH ,yL)). Another contribution of this paper is to
introduce protocols that can automatically convert a generic 3D dataset into
training data for 3D regeneration, where yL is a degraded version of xH , ob-
tained via data augmentation, without additional expensive annotations.



4 G. Y. Park et al.

To show the generality of our approach, we experiment with three di"er-
ent tasks: (a) Enhancement: Given a very low-resolution or even corrupted 3D
component of a large 3D scene, we upgrade its quality; (b) Editing: Given an
initial 3D shape, we allow the model to change significant parts of it; (c) Re-
construction: Given an initial 3D scan obtained from a sparse set of images
using photogrammetry, we recover a full and geometrically faithful 3D object.
Importantly, all these tasks are solved using the same model architecture. Our
experiments show that MeshReGen achieves state-of-the-art results even com-
pared to architectures that are designed specifically for each task.

2 Related Work

Advances in 3D generative models. The increasing availability of large-
scale 3D datasets [9, 10] has fueled progress in 3D generative modelling. Some
methods generate 3D assets using only 2D supervision from multi-view rendered
images [49, 67]. These approaches typically learn to generate multi-view images
of the same object, which are used to reconstruct 3D volumetric representa-
tions such as radiance fields, tri-plane features, or Gaussian splats, from which a
3D mesh can be extracted using Marching Cubes [39]. However, the lack of 3D
geometric priors can result in open surfaces or inaccurate interiors. In contrast,
others [8,25,28,31,56,65,84,85] learn to generate objects with clean and complete
surfaces from data. Most of these 3D generators take text or image prompts as in-
put, which restrains controllability. To address the latter, recent works introduce
explicit 3D-aware controls such as voxels, bounding boxes, or other structured
primitives (e.g., CLAY [80], PoseMaster [72], Hunyuan3D-Omni [19]).

3D generative priors for downstream tasks. Although 3D generative mod-
els have advanced, it is an open question whether the 3D generative priors they
learn can be useful in di"erent downstream tasks. While foundational image gen-
erators support editing, reconstruction, and other tasks within a single architec-
ture [24, 55, 64, 76], downstream applications in 3D often rely on task-specific
architectures or training-free adaptations [12, 26]. In this work, we explore gen-
eralized architectures among 3D applications and scalable construction of paired
training data, with the goal of encouraging progress toward unified, generaliz-
able, and versatile 3D regeneration priors.

3 Method

Let xH → R3 denote the surface of a 3D object that we wish to generate, where
the index stands for High information. In 3D regeneration, we are interested
in sampling xH from a probability distribution p(xH | yL, I) conditioned on a
3D shape yL → R3 (“Low information”) and, optionally, an image I ↑ RD. In
practice, xH and yL may be represented by 3D meshes or point clouds with
normals.
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Fig. 3: Qualitative results of object-level 3D scene refinement. (Top) A single-scene
image is converted into a coarse monolithic 3D scene by Sparc3D [32], where details of
each object are degraded due to the limited capacity of the latent code. To mitigate this
degradation, we segment the scene with AutoPartGen [6], refine individual objects with
MeshReGen (Bottom), and update each object to produce a high-quality compositional
3D scene. Image conditions are automatically regenerated from initial renders of each
coarse object, as detailed in Sec. 4.1, using an LLM-VLM. Each scene and object are
textured using a proprietary texture generator for visualization only.

3.1 Model architecture

MeshReGen builds on a pre-trained latent di"usion model, operating in a com-
pact latent space of 3D shapes [28,30,31,65,84], for which we use VecSet [77].

3D Generation using VecSet. The VecSet [77] encoder is a transformer neu-
ral network that maps a 3D shape x → [↓1, 1]3 to K D-dimensional latent vectors
z = E(P;K) ↑ RK→D. It does so by sampling a point cloud P = {(pi, ni)}Ni=1

from the shape, where pi ↑ x is a surface point and ni ↑ S2 its corresponding
normal. Then, it further subsamples K ↔ N points from P using Farthest Point
Sampling (FPS) to initialise the tokens with, and then applies cross-attention to
pool information from the full point cloud P into the tokens. The decoder D, an-
other transformer, evaluates the Signed Distance Function (SDF) D(q | z) ↑ R
of the 3D shape x at any query location q ↑ R3 by attending to the latents z.

Given this latent space, VecSet models the conditional distribution p(z | I)
over latent codes instead of the distribution p(x | I) over 3D shapes. Follow-
ing [28, 30], we do so by using a Di"usion Transformer (DiT) [44], which learns
a denoiser neural network zt↓1 = ω(zt | I, t) that takes as input a noised ver-
sion zt of the latent code z and partially denoises it to zt↓1, conditioned on the
image I and step t. The image I is tokenized using a pre-trained image encoder
(DINOv2 [43]) and plugged into the DiT through cross-attention layers.
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Fig. 4: Qualitative comparison with 3D generation and enhancement baselines. Coarse
3D conditions are obtained as parts of the original scene [31], and 2D image con-
ditions are automatically regenerated given initial renders of each coarse object, as
detailed in Sec. 4.1. Using these multi-modal conditions, MeshReGen regenerates the
fine-grained details of 3D shapes, outperforming the recent enhancement baseline [12].

From Generation to Regeneration. We now show how to generalize the
model above to sample the conditional distribution p(xH | yL, I). As noted in
Sec. 1, while the meaning of the conditioning signal yL di"ers depending on
the task, they can all be written as 3D shapes yL → R3. Hence, we propose
to reuse VecSet representation for yL, and to learn the conditional distribution
p(zH | zL, I), where zH and zL are the latent codes of xH and yL, respectively.

Utilizing the same latent space for both the conditioning and generated
signals zL and zH opens up a very simple yet e"ective design for the DiT
zH

t↓1 = ω(zH

t
| zL, I, t); namely, we can simply concatenate the conditioning

tokens zL to the noisy tokens zH

t
and pass them together as input to the DiT.

In the experiments, we show that this is more e!cient than alternative designs
where other encodings are used, such as using cross-attention to plug in the
conditioning tokens instead of concatenation.

Fewer tokens for coarser shapes. A useful property of VecSet is that the num-
ber of latent tokens K can be adjusted according to the complexity of the en-
coded shape x. In particular, because the conditioning shape yL contains less
information, it can be encoded using much fewer tokens zL = E(PL;C) than
the generated shape xH , where C ↔ K. Due to the quadratic complexity of
self-attention, this significantly improves the model’s e!ciency. Note that sparse
voxel grids [65], also popular in 3D generation, lack this property, as they require
equally high voxel resolution to encode even a simple shape.

Token pre-processing. AutoPartGen [7] recently noted that concatenating two
VecSets approximates merging the two underlying 3D shapes, which counteracts
the regenerative e"ect we aim to achieve. We thus pre-process the conditioning
tokens zL before concatenation so that the model can better distinguish them
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Fig. 5: Qualitative comparisons for faithful Image-to-3D generation on the GSO
dataset [13]. MeshReGen preserves the geometry of the initial VGGT point cloud [58]
while producing clean surfaces. Baselines that rely solely on image conditioning tend to
be less faithful and smooth out fine details. For VGGT and MeshReGen, the number
of input views is shown on the left; for the baselines, it is shown in parentheses.

from the noisy latent tokens zH . We do so by applying an MLP with zero-
initialized weights, similar to ControlNet [81]. The zero initialization prevents
“shocking” the model when new control tokens zL are introduced. We also find
it useful to add positional embeddings to zL to help the model identify their
spatial locations. Formally, we can write our di"usion step as

zH

t↓1 = ω
(
zH

t
↗ MLP

(
E(PL;C) + PE(P̂L)

) ∣∣∣ I, t
)
,

where ↗ denotes concatenation along the token dimension. Note that only zH

t

is denoised, whereas zL remains fixed as a condition.

Training Data. In order to train the model to capture the conditional distribu-
tion p(zH | zL, I), we require a dataset of triplets {(zH

i
, zL

i
, Ii)}ni=1 comprising

the encodings of high- and low-quality 3D shapes xH and xL together with the
(optional) corresponding guidance images Ii. The triplets are specific to the dif-
ferent tasks one wishes to solve (e.g., enhancement, reconstruction, editing). The
existing 3D training datasets are already relatively small, and procuring task-
specific paired data is much harder still. Hence, we develop data-engineering
pipelines that construct such triplets automatically, starting from a collection of
3D objects xH . We detail this process for each target application in Sec. 3.2.

3.2 Applications

We introduce several example applications of MeshReGen to show that the same
model architecture and 3D dataset (Sec. 3.3) can be used for multiple purposes.
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Recon. (2 view)VGGT PC (2 view)+ Additional ViewRecon. (1 view)VGGT PC (1 view)Single View

Fig. 6: Reconstruction results of VGGT+MeshReGen from one and two images. Note
the improvement in the details on the side that is occluded in the first view. The trend
continues with more views, as shown by metrics in Tab. 2.

Base dataset. We utilize the same base 3D dataset D for all applications
and only change how the data is automatically augmented in pre-processing.
The dataset comprises approximately 1M proprietary artist-authored 3D objects
similar in spirit to Objaverse [10].

Compositional Shape Enhancement. In shape enhancement, we map a low-
resolution 3D shape yL to a high-resolution one xH . We apply this idea to a
compositional setting [5, 7, 36, 73], where a large 3D object is first decomposed
and then upgraded one component at a time. The reason is that 3D generators
operate at a finite resolution, and even high-resolution ones like Sparc3D [31]
fail to generate su!cient details for large 3D objects such as gaming levels [57].

Data Construction. To simulate the compositional (re)generation process, we
start by arranging random ground-truth (and thus high-quality) 3D objects
xH ↑ D in k ↘ k 2D grids. These pseudo-compositions are then normalized
(as a whole) in the [↓1, 1]3 cube and encoded using VecSet into tokens. Inspired
by SDEdit [41], given a pre-trained DiT, we add noise to these tokens at step
t↔ < T and denoise them back to t = 0. The 3D scene is then decoded from the
denoised tokens and the degraded 3D shape yL of each object is extracted from
the resulting geometry. Increasing k means that more objects are represented
by the same number of tokens, controlling how much information is removed
per-object, which also determines the final number of tokens zL we use to rep-
resent yL. zH is instead obtained by encoding the original object xH with the
full token count. Please see the Appendix for examples.

Generality. While we simulate the degradation process due to generating multi-
ple objects together, in practice, as we show in the Appendix, our technique
results in pairs (zH , zL) that are representative of degradations common in
other applications too, more so than, say, applying generic 3D smoothing fil-
ters [16, 47, 52] to xH . As a result, the resulting model can also be potentially
applied to a wide range of degradations, including low-resolution 3D assets (e.g.,
from old games) and models a"ected by lossy 3D compression.
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Guided Image-to-3D. In guided image-to-3D we map an initial sparse but
accurate 3D point cloud yL reconstructed from one or more images {I1, . . . , IL}
into a full surface of a 3D object xH faithful to the input data. We are mo-
tivated by the fact that current image-to-3D generators produce high-quality
and detailed 3D shapes that are, however, not necessarily faithful to the input
image and/or cannot account for more than one view as input. On the other
hand, large 3D reconstruction neural networks like VGGT [58] and many oth-
ers [23,33,61] reconstruct visible geometry as faithfully as possible from several
views, resulting in 3D reconstructions yL that are accurate but incomplete due
to occlusions, lack details, and can be noisy.

Data Construction. Given a ground-truth 3D object xH , we render 1–4 random
views {I1, . . . , IL} and pass them to VGGT to obtain a sparse reconstruction
yL. For rendering, camera poses are sampled uniformly in azimuth, focal length,
and with elevations in [↓10↗, 30↗]. In order to apply E to encode yL, we also
require the normals for each surface point, which VGGT does not provide, so
we estimate them using covariance analysis [42]. Because yL is reconstructed up
to scale and pose, we align it with xH . The conditioning image I is randomly
chosen from the rendered views, shapes xH and yL encoded, and the resulting
triplet (zH , zL, I) added to the training dataset.

3D Shape Editing. In 3D shape editing, the model maps the initial 3D shape
yL to modified shape xH that reproduces yL except for a specific 3D region
M that is edited to match a guide image I. The 3D masks can be as simple
as a box or ellipsoid that fully contain the region of geometry we want to edit.
Following [14,27], the image I is obtained automatically by (1) rendering a view
of the original object yL, (2) masking the 2D region corresponding to the 3D edit
M , and (3) using a text-to-image model [24] to follow the inpainting instructions.

Data Construction. We simulate the editing process as follows. The target 3D
object xH is sampled as usual from the base dataset D, the image I is a render
of this object, and zH is the encoding of xH . It only remains to show how to
construct the source shape yL (and its code zL).

To this end, given xH , we first randomly sample an edit region M as a
3D mask. The 3D masks can be as simple as a box or cylinder containing the
geometry we want to edit. Then we remove the original points within M and
the corresponding normals from PH to form PL. We obtain z̃ = E(PL;C ↓ k),
resulting in C ↓ k tokens instead of all C tokens. The remaining k edit tokens
are used to tell the model where the edit should be applied and are initialized as
learnable mask positional embeddings zM in latent space. The final encoding for
the degraded shape yL is the concatenation zL = z̃ ↗ zM of z̃ with k learnable
mask tokens zM . We thus obtain the final training triplet (zH , zL, I).

The number of edit tokens k represents the editing capacity. It is adaptively
set as k = max{[C ·r], kmin}, where r is the ratio of masked to total source points
and [·] is rounding down. Capping k with kmin ↑ [0, C) guarantees the minimal
editing capacity. This adaptive allocation balances identity preservation with
editing flexibility, enabling larger masks to produce greater geometric changes.
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3.3 Implementation Details

Our base model is an in-house VecSet-based 3D generator, which is trained on
the base dataset D and their multi-view renderings, in a similar manner to prior
works [28, 30, 65, 84]. This results in initial weights for both the VAE and the
DiT. We also apply the augmentation strategies described in Sec. 3.2 to the base
dataset to obtain the training datasets for each application.

The enhancement DiT is trained by combining the augmentations used for
the enhancement and editing tasks. Following the literature [19,56,78], we train
the DiT by progressively increasing the number of tokens K = 512, 1024, 2048
for 49K, 112K, and 390K steps. To train the reconstruction DiT, we fine-tune
the enhancement model on the VGGT outputs for 25K steps. To train the Shape
editing DiT we used the masked training set and K=2048 high-quality tokens.
Training converges in just 25K steps. For every model, we used C = 512 low-
quality conditioning tokens.

For additional robustness, we further augment the conditioning 3D shape by
adding Gaussian blobs imitating floaters and by perturbing point normals, and
we augment the image conditioning via random crops, color jitter, random back-
grounds, and blur. We adopt the v-prediction [46] with a scaled linear schedule
and p = 0.1 image-condition dropout. For inference, we use DDPM sampling
with 100 steps and a CFG scale of 5. Please see the Appendix for more details.

4 Results

We evaluate the e"ectiveness of MeshReGen on the applications of Sec. 3.2.

4.1 Compositional 3D Enhancement

Metrics Input [31] +DetailGen3D [11] +Ours

ULIP-3D [71] 0.2280 0.2294 0.2626

MV-ImageReward [69] 0.1716 0.1003 0.3394

Table 1: 3D shape enhancement evaluation.
MV-ImageReward [70] reports the average Im-
ageReward over four renders per object.

We first evaluate MeshReGen on
the task of compositional 3D en-
hancement of whole scenes, as a
component of the WorldGen [57]
system. Starting from an im-
age I (concept art), the entire
scene is reconstructed as a sin-
gle 3D object by an image-to-3D
model [31], is then decomposed [7]
into individual objects yL, and
those are upgraded to high-quality versions xH using MeshReGen, using cor-
responding guidance images I ↑ generated by a VLM [57].

Qualitative results are given in Fig. 3. Quantitatively, we evaluate the per-
formance of the model on 623 decomposed low-quality objects extracted from 21
scene meshes. We use ULIP-3D [71] to measure 3D shape-view alignment and
Multi-View (MV) ImageReward [69] to measure perceptual quality. Specifically,
we generate concise text captions of conditional images with LLaMA 3.2 [15] and
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Table 2: 3D object reconstruction on GSO [13]. “# View” denotes the number of
input images per baseline. VGGT results are based on meshes converted by Poisson
reconstruction [22].

Model # View CD (→) F-score (↑) IoU (↑) PSNR (↑) SSIM (↑) LPIPS (→)

InstantMesh [68] 1 0.0188 0.2840 0.6025 20.3317 0.9188 0.1389

TRELLIS [66] 1 0.0122 0.4216 0.6442 22.4605 0.9342 0.1059

V
ie

w
>

1 AssetGen [50] 4 0.0111 0.4663 0.6703 24.3809 0.9206 0.1024

TRELLIS [66] 4 0.0123 0.4318 0.6552 22.7584 0.9351 0.1036

MeshLRM [63] 4 0.0115 0.4237 0.7035 22.8111 0.9290 0.1180

H
yb

ri
d

VGGT [59] 1 0.1286 0.0087 0.0247 9.0717 0.7979 0.5356

+ MeshReGen 1 0.0135 0.3658 0.6438 21.8982 0.9315 0.1097

VGGT [59] 2 0.1340 0.0083 0.0278 8.8537 0.7867 0.5695

+ MeshReGen 2 0.0112 0.4299 0.7053 22.9795 0.9353 0.0985

VGGT [59] 3 0.1435 0.0089 0.0274 8.3342 0.7615 0.6077

+ MeshReGen 3 0.0090 0.4650 0.7372 23.6394 0.9385 0.0918

VGGT [59] 4 0.1276 0.0119 0.0193 8.7823 0.7704 0.5952

+ MeshReGen 4 0.0081 0.4913 0.7574 24.2754 0.9408 0.0873

use these prompts to compute the averaged ImageReward across four rendered
views per object. As shown in Tab. 1 and Fig. 4, MeshReGen substantially im-
proves geometric fidelity and visual quality of initial decomposed objects [31],
surpassing state-of-the-art baselines [12] for geometry refinement.

4.2 Guided Image-to-3D

We consider 3D generation guided by the output of a reconstruction network,
VGGT. Following [49,62], we benchmark the reconstruction performance on the
GSO dataset [13]. For perceptual evaluation, we compute PSNR, SSIM [60], and
LPIPS [83] between the rendered and ground-truth normal maps by rescaling
unit normals to [0, 255]. For geometric accuracy, we report Chamfer Distance
(CD), F-score@1%, and IoU.

We compare against both single-view baselines (InstantMesh [67], TREL-
LIS [65]) and multi-view methods (3D AssetGen [49], TRELLIS (multi-image
variant) [65], and MeshLRM [62]). TRELLIS (multi-image) randomly selects
one of the conditioning images at each sampling step. We also evaluate the un-
refined VGGT reconstructions xL as a separate series of baselines, for which we
convert them to meshes using Poisson reconstruction [22].

As shown in Tab. 2 and Fig. 5, MeshReGen significantly improves the geo-
metric accuracy over the baselines. Single-view methods su"er from inaccurate
hallucinations due to limited visibility. Moreover, MeshReGen matches or even
outperforms specialized multi-view methods by using the same number or even
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Table 3: Ablation study of the conditioning mechanism. Designs of ID = 1 and ID = 2
are inspired by CLAY [80] and Hunyuan3D-Omni [20], respectively.

Id Method Cond. Space CD (→) F-score (↑) IoU (↑) PSNR (↑) SSIM (↑) LPIPS (→)

1 Additional CA CA 0.0066 0.6107 0.6889 24.4104 0.9258 0.0900

2 Extended CA CA 0.0271 0.2374 0.2818 18.7145 0.9051 0.1410

3 Add zL Input 0.0112 0.5259 0.5960 22.7384 0.9175 0.1060

4 Ours Input 0.0044 0.7538 0.7735 26.3958 0.9338 0.0765

Original Shape Ours Original Shape Ours Original Shape Ours Original Shape Ours

Fig. 7: 3D object editing examples. Original shapes and edited images (shown in inset)
are from [27]. The resulting shape maintains both the orientation and the level of detail
of the input shape. The 3D edit M masking the edit region is also visualized.

Original Shape Edited Image VoxHammer Ours Original Shape Edited Image VoxHammer Ours

Fig. 8: Qualitative comparisons of object editing with [27]. Red boxes highlight arti-
facts in the editing results or di!erences between the edited and original shapes. The
3D edit mask M is also visualized.

fewer input views (i.e., two to three views). Fig. 6 demonstrates robust recon-
struction from sparse views. Given a single image, it reconstructs the visible
regions in detail, and progressively refines the occluded areas as more views are
provided, combining feed-forward prediction and generative restoration.

4.3 3D Shape Editing

To assess 3D shape editing, we utilize 3D source objects, editing masks, and
image prompts from the Edit3D-Bench dataset [26]. The image prompts were
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Input Views

4 views
3 views

OursTRELLIS + VGGTTRELLIS 
(a) Reconstruction (b) Enhancement

+ Ours+ TRELLISCoarse InputCond. Image

Fig. 9: (a) Reconstruction from sparse views. We treat VGGT predictions as sparse
structures in TRELLIS’s first stage (TRELLIS + VGGT). (b) Enhancement from
degraded geometry. TRELLIS struggles to correct artifacts. Both TRELLIS and ours
use the exact same input shape or VGGT predictions.

Flow Ours
(a) Diffusion parameterizations

Coarse shapeCond. Image

(b) Conditioning mechanism
Additional CA OursExtended CACoarse shapeCond. Image

Fig. 10: Qualitative examples from the ablation study. (a) Samples from the ablation
study of di!erent di!usion parameterizations in Tab. 4. (b) Samples from the ablation
study of the conditioning mechanism in Tab. 3. Designs of Extended CA and Additional
CA are inspired by [20] and [80], respectively. The proposed method consistently out-
performs other design choices with fine-grained details.

obtained by [26] by rendering the masked source view and inpainting them using
FLUX.1 Fill [24] conditioned on the intended target text prompt.

As shown in Fig. 7, our framework enables e"ective 3D shape editing with-
out architectural modifications. Fig. 8 shows that MeshReGen can capture better
fine-grained and large-scale structural changes compared to [26], while preserv-
ing the original source identity. Unlike prior methods requiring expensive in-
version [26] or post-optimization [37, 48, 86], our approach is computationally
e!cient and scalable. Moreover, by operating directly in the 3D VecSet space,
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Table 4: Ablation study of di!erent di!usion parameterizations. The design of “Flow”
is inspired by [12].

Method CD (→) F-score (↑) IoU (↑) PSNR (↑) SSIM (↑) LPIPS (→)

Flow 0.0061 0.6026 0.6594 24.6295 0.9285 0.0893

Ours 0.0051 0.7003 0.6961 25.4428 0.9298 0.0787

it inherently preserves multi-view coherence without the need for 2D-to-3D lift-
ing [1, 3].

4.4 3D shape generation from blockouts

As discussed in Sec. 1, in a typical 3D creation workflow, artists start from a
2D concept image and a coarse 3D block-out that defines the overall extent,
proportions, and rough geometry. We show that 3D regeneration with MeshRe-
Gen naturally supports this setting: given simple block-out shapes and a guide
image (Fig. 11), MeshReGen synthesizes fine geometric details consistent with
the image while preserving the block-out’s structure and proportions. We com-
pare against CLAY [80], a point-cloud-conditioned 3D generator, using its o!cial
interface and point-cloud sampling tool to condition on the blockouts4. CLAY
struggles to enrich the blockouts with fine-grained detail, highlighting the e"ec-
tiveness of our 3D regeneration formulation and curated paired training data
even for extremely coarse shape guidance, without needing a dedicated archi-
tecture module. As MeshReGen is not explicitly trained on block-out datasets,
this demonstrates that the proposed framework is potentially generalizable with
a wider range of degraded coarse geometry conditions. Please refer to Appendix
D for more discussions.

4.5 Ablation Studies

Conditioning Mechanism. A key design choice (Sec. 3) is the mechanism for con-
ditioning the generator on the low-information shape yL. We compare MeshRe-
Gen’s approach to alternative strategies: (1) introducing a separate cross-attention
block dedicated to the 3D condition, parallel to the image-conditioned attention
block; (2) extending the existing image-conditioned attention by concatenat-
ing coarse point cloud embeddings with DINO image features; and (3) directly
adding zL to the noisy latents. Designs (1) and (2) are inspired by CLAY [80]
and Hunyuan3D-Omni [19], respectively. In Tab. 3 and Fig. 10, our design out-
performs baselines, potentially due to its flexible learning capacity.

Di!usion Parameterization. We further compare our di"usion formulation with
a rectified flow baseline [35, 38], where the model directly maps coarse latents
zL to the ground-truth latent distribution without explicit Gaussian noise. This
alternative choice is inspired by DetailGen3D [12]. Tab. 4 shows that our di"usion
parameterization achieves better reconstruction on the validation set.
4 Rodin.ai (Hyper3D): https://hyper3d.ai/

https://hyper3d.ai/
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+ CLAY v2.0Input block-out + CLAY v1.5Cond. Image + Ours

Fig. 11: Qualitative results of MeshReGen on 3D shape regeneration from blockouts.
Compared to CLAY [80], MeshReGen is capable of adding fine details while preserving
the underlying shapes and proportions of the blockouts.

Applicability of existing generation frameworks to regeneration. We further test
whether existing (controllable) 3D generation frameworks are readily general-
izable to regeneration tasks. First, we apply TRELLIS to enhancement and
reconstruction by respectively encoding degraded geometry or VGGT predic-
tions into sparse structures in its first stage, followed by SLAT generation in
the second stage. As shown in Fig. 9, TRELLIS fails to recover fine geometry,
as it is trained on clean geometry which does not generalize to broken, incom-
plete inputs. Similarly, although CLAY [80] is not publicly available, we evaluate
Hunyuan3D-Omni [19], a closely related concurrent framework, on reconstruc-
tion tasks and observe similar performance degradation (see Appendix). These
results suggest that existing generation frameworks do not generalize to regener-
ation tasks with degraded/incomplete geometry without fine-tuning, motivating
dedicated regeneration formulations and data.

Overall, using o!cial baselines (when available) and controlled reimplemen-
tations under a fixed backbone and dataset, we show that our improvements
stem from both dataset design and a generalizable architecture.

5 Conclusion

We have introduced MeshReGen, a versatile 3D regenerator that unifies diverse
3D-to-3D tasks under a single framework. Future work includes extending the
framework to dynamics [75] and incorporating richer control signals, such as
skeletons for rigged assets. Regarding the limitations, while MeshReGen demon-
strates strong controllability, exploring alternative 3D latent representations
(e.g., SLAT on active voxels [66]) may further improve generalizability.
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