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a 3d render of a cute chibi cow...

wearing a bowler hat on big wheels with a long lizard tail with two pegasus wings

Fig. 1: By deforming together with remeshing in the loop, our method is capable
of growing large, detailed parts and imparting drastic geometric changes on small
selected regions (yellow) on the source shape (bottom left of each example), guided by
text prompts. The insets show that the growths maintain isotropic triangulations with
good element quality, indicating their suitability for the new geometry.

Abstract. We propose a remeshing-enhanced method for generatively
deforming shapes with visual losses. It is intuitive that sufficiently dras-
tic deformations of a mesh without changing its triangulation can easily
compromise element quality, even if such large geometry changes may
be semantically desired. Shape deformation methods could thus bene-
fit from changing the triangulation; however, this is not done by most
generative, text-based, visually-supervised mesh deformation methods.
Remeshing is a discrete operation, proven to be especially challenging
to couple with the notoriously noisy supervision signal provided by vi-
sual losses. We propose a vertex-based deformation optimization quantity
capable of large deformations and robustness to such noise; we period-
ically remesh using an isotropic remesher that interpolates and carries
forward the deformation optimization state. This enables continuous,
geometry-informed progress in coarse-to-fine addition of resolution. The
resulting shapes’ triangulations fit their optimized geometry and have
neat isotropic elements. Further, our method is localizable, able to grow
new features on a base shape with expressive detail, leaving the rest un-
changed. We showcase the effectiveness of our method on a variety of
shapes and prompts, both local and global deformations, and demon-
strate its superior visual quality and triangle efficiency. Our project page
is at https://threedle.github.io/radmesh.
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1 Introduction

a 3d render of a(n)...
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Fig. 2: Gallery of local growths and global detailing deformations. Top row:
our method is capable of growing large parts out of small selected regions on diverse
shapes, organic and manufactured. The results show symmetry, high detail even at
extremities, and clean geometry at selection boundaries. Bottom row: we can also
perform global “detailization” deformations, where the whole shape is allowed to change.
This is useful on simple base shapes and demonstrates the ability to change both high-
level structure and finer details.

Many recent methods optimize mesh deformations with visual losses as guid-
ance [16,20,26]. These methods largely achieve their shape editing goals through
finding vertex displacements and do not change mesh connectivity. While this
approach is effective for a limited class of edits, there remains a wide class of
shape deformations that are limited when keeping mesh connectivity constant.
Growths, appendages, thin sheet-like volumes, and other large-scale structural
reconfigurations generally cannot be achievable without excessive stretching or
shrinking of triangles. Such edits may result in bad triangle quality, poor fidelity,
and unsuitably small or large numbers of triangles forced to represent certain
features of the shape.

We posit that such expressive deformations in the fully explicit setting would
strongly benefit from the ability to modify mesh connectivity, as connectivity
alone implies some information about the underlying geometry. However, defor-
mation editing methods have rarely incorporated remeshing, being inherently
discrete in the required modifications of indices/pointers, making it challenging
to involve discrete triangulation choices in the optimization (e.g . [49]).

Existing visual supervision-based remeshers [6, 45] are meant for the inverse
rendering task and are built with heuristics deeply tied to the use of vertex posi-
tions as the optimization variable. In contrast, the generative deformation task
has been shown to greatly benefit from using differential deformation quantities
as the optimization variable instead. These quantities, such as per-face Jaco-
bians [20,26] and per-vertex rotations [16], solve into smooth, globally-informed
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Fig. 3: Overview of our optimization loop. Geometry is optimized via gradient
descent of our deformation quantity Q, with associated optimizer state, with respect
to a base mesh. At epoch i, we solve for the deformation using Qi (Sec. 3.2), render,
take visual loss, and update the quantity. Once every N epochs, we remesh the last
deformed shape, interpolate the optimizer state onto the result, and use it as the new
source mesh until the next scheduled remesh. (Note that the deformation in this figure
is exaggerated for illustrative purposes; in practice, the remeshes are frequent enough
that the deformation between each remesh is more subtle.)

deformations in the face of the noisy loss signals (namely SDS) used in the
text-based, visually-supervised generative setting.

In our method, RADmesh, we propose a differential deformation optimization
pipeline enhanced by remeshing, bringing the added expressiveness of connec-
tivity modifications to the generative deformation task and its preferred defor-
mation representations.

We extend the vertex normal-based deformation quantity of Geometry in
Style [16]. As a vertex-based quantity, it allows straightforward transfer and
interpolation from old mesh elements to new mesh elements during remeshing.
Augmented with optimizable local scale in addition to local rotation, in tandem
with remeshing at regular intervals, it enables growing large, detailed geometries.
Deformation and remeshing can be localized to specific regions by construction,
or globally applied across the mesh. We employ an off-the-shelf optimizer (Adam
[27]) to update the deformation quantity, and interpolate its tracked state to
the new discretization upon remesh. We adopt a standard isotropic remeshing
algorithm, modified to enable this interpolation.

We demonstrate that this simple integration of remeshing together with our
deformation quantity lets us achieve flexible shape optimizations that work well
in generative settings with text-guided SDS (part growth, abstract shape detail-
ing). Other methods that perform similar generative 3D tasks execute generation
on dedicated proxy representations, e.g . generating implicit shapes or multi-view
image inpainting followed by 3D reconstructions. In contrast, we do not gener-
ate via alternative intermediate representations: we achieve desirable results by
generative optimization directly on meshes, using an image diffusion model. Our
results highlight the effectiveness and versatility of a purely mesh-based gener-
ative optimization approach.



4 Dinh et al.

2 Related Work

Remeshing and triangle refinement. Classical geometry processing has a large
body of work on remeshing and triangle refinement. We refer to [3, 25] for gen-
eral surveys of remeshing methods for triangle meshes. An overarching goal is
uniformly-sized triangles, with no excessively small or large angles, numerically
desirable for algorithms that are finite element discretizations, e.g . those that
use cotangent edge weights (which our method and others [1] fall under).

Remeshers belong to a few categories. One family of methods performs mesh
parameterization followed by point sampling and Delaunay (or similar) trian-
gulation on the parameter domain [2, 4, 47, 49, 58]. Another family uses only
local topology-preserving connectivity edits (edge collapses, splits, flips) to iter-
atively improve triangles across the mesh. Of these, particularly relevant are the
works of Botsch & Kobbelt et al . [10] and Dunyach et al . [17], iterative meth-
ods for mesh improvement given a target edge length (either global or adaptive
based on curvature). Edges are collapsed and split to maintain the target length
range; edge flips and tangential smoothing improve vertex valence and triangle
quality. This yields isotropic triangulations with near-equilateral triangle aspect
ratios. Using these on-the-fly remeshing operations, editing [17, 59] and corre-
spondence [41] paradigms have also been proposed. Similar operations have been
built to simplify intrinsic triangulations [36] and non-manifold meshes [38].

Vertex optimizers with remeshing. Recent applications of on-the-fly remeshing
have included the inverse rendering and mesh reconstruction task, where remesh-
ing is implemented directly in optimizers whose optimization variable is vertex
positions. In particular, Palfinger [45] proposed a vertex optimizer and remesher
that adapts Adam [27] to take gradient statistics to determine and apply lo-
cal remeshing operations (collapses, splits, flips). Connectivity is added in areas
experiencing large change, making available more triangles for the geometry to
evolve towards the inverse rendering target (e.g . multiview images). Building
on this work, Barda et al . [6] improved heuristics and incorporated a raycaster;
this has since been used for reconstructing meshes from other representations
(e.g . implicit fields [8] and multiview 2D inpainting [7]). In contrast, our use
of remeshing resembles that of [43, 66], applying an isotropic remesher coarse-
to-fine in a geometry optimization loop. Our vertex-based deformation quantity
lets us remesh with interpolation of the geometry optimizer state, allowing more
expressive and stable deformations than optimizing raw vertex displacements.

Generative mesh deformation. There is a sizable body of recent work in mesh
deformation-based generative modeling of shapes. The seminal Neural Jaco-
bian Fields method [1] has inspired a range of generative applications that
use deformation for either primary generation or refinement of shapes. Methods
with deformations as the main generative medium include TextDeformer [20],
MeshUp [26], and Geometry in Style [16]. TextDeformer and MeshUp use Jaco-
bians; Geometry in Style uses normals with differentiable As-Rigid-As-Possible
(dARAP) solves, though in a similar pipeline. In these methods, including our
work, deformations (guided by a semantic visual loss) are the only means of ge-
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Fig. 4: Evolution. We visualize the geometric evolution through the course of two
example optimizations, one localized and the other a global deformation. The local
growth example involves disjoint selected components (the wings, the horn), which
all grow simultaneously. The global deformation shows an ability to form complex
geometric detail (starting from a shape as basic as a sphere) and appendages while
maintaining clean isotropic triangulation throughout.

ometry production. Other work has used Jacobian deformation to create coarse
geometry that is then textured [70], constrained creation of head avatars [62],
improving a shape generated upstream [72], handle-based deformations [5, 71],
and shape correspondence [40,57].

These studies are part of the wider literature on shape generation, which has
seen a proliferation of methods, particularly implicits, images, or latent repre-
sentations followed by mesh reconstruction or improvement [11,18,23,24,28,32,
33,44,54,56,65,67–69,74,76,78], and autoregressive sequence models of discrete
elements [19,21,30,53,60,64,73,77]. Many of these methods have been enabled by
advances in lifting 2D visual priors to 3D in a variety of generative and analysis
tasks and representations [12–15,22,31,34,39,42,46,48,50,61,63,63,75].

3 Method

3.1 Overview

Given an original source mesh M0 with vertices and faces (V0,F0), we wish
to deform and remesh M0 to find a new mesh M∗ = (V∗,F∗) that meets a
target text prompt x. A selection region of vertices can optionally be specified,
represented as a binary selection mask (sel(k) = 1 denotes vertex k is part of
the selection, and sel(k) = 0 denotes k is not selected), where deformation and
remeshing are meant to be restricted to selected vertices only.

Fig. 3 presents an overview of the optimization loop and our use of remeshing.
The desired mesh M∗ is constructed via gradient descent optimization; at any
given iteration or epoch i, this loop’s optimization variable is a deformation quan-
tity Qi defined with respect to the loop’s current base mesh Mri = (Vri ,Fri)
where ri denotes the current number of remeshes done thus far at epoch i.
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chair with a flower-themed
flower-shaped backrest

chair made of
balloons

wheelchair

a 3d render of a...

Fig. 5: Global detailization. Our method is
able to take basic shapes and globally deform
& remesh them expressively towards prompts.
The results keep high-level structure (e.g . four
similar legs) while exhibiting expressive geomet-
ric detail: the folds on the flower-themed flower-
shaped backrest, the tapered lobes of the chair
made of balloons, the wheelchair ’s wheels.

The current base mesh is initial-
ized to M0, which is the original
source mesh M0 with preprocess-
ing applied (described in Sec. 3.5).

At optimization epoch i, a de-
formation function D finds de-
formed vertices V ′

i using the lat-
est value of the deformation quan-
tity Qi together with the associ-
ated base mesh Mri for which it
is defined, i.e. V ′

i := D(Mri ,Qi).
This deformation gives the shape
to be rendered for visual losses,
and keeps the current base trian-
gulation Fri fixed. The deforma-
tion formulation is described in
Sec. 3.2.

The deformed mesh (V ′
i,Fri)

is then rendered with a differentiable renderer, and the images fed to a cascaded
score distillation (CSD) loss providing the semantic supervision to be backprop-
agated to update the deformation quantity. This gives Qi+1 for the next epoch
(epoch i+ 1); see Sec. 3.6.

At regular intervals in this optimization loop, we interrupt the geometry op-
timization and perform a remesh using the remeshing function R. The remesh
will replace the current base mesh with a remesh of the latest deformation re-
sult. More precisely, let do_remesh(i) = 1 mean that a remesh is scheduled for
optimization epoch i. For each i such that do_remesh(i) = 1, we compute the
next base mesh Mri+1 := R(V ′

i) = R(D(Mri ,Qi)). We describe the remeshing
method R in Sec. 3.3. This leads to Qi+1 becoming reinitialized, since the base
mesh Mri that Qi was associated with has now been switched out for Mri+1.
Crucially, we also interpolate and carry forward optimization states in order to
then resume optimizing geometry after the remesh; we describe this in Sec. 3.4.

3.2 Deformation Quantity and Method

The deformation quantity Q we use is a 6-component vector for each vertex, i.e.
qk ∈ R6 for each vertex k, and so Q = {qk ∈ R6 | k ∈ {1 . . . |V|}}. The first
three features, which we denote by qdirk ∈ R3, describe a direction vector, and
the last three features, denoted by qscalek ∈ R3, describe a scaling vector for the
three world axes.

This deformation quantity is an extension of the per-vertex R3 normal vector
quantity of Geometry in Style [16]. Originally proposed for its inherent regular-
ization using differentiable ARAP, its vertex-based deformation quantity is also
advantageous in a remeshing setting. Our remesh operations operate with vertex
attributes; thus, a vertex-based optimization quantity makes it straightforward
to interpolate optimizer state onto new mesh elements during a remesh. This
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a 3d render of a person...

in a batman costume 
flying

holding up
two signboards

wearing a
thick pleated skirt

(a) Growing garments
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on its back
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on its back
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Fig. 6: More local growth examples. (a) Growing garments: Our method is able
to generate thin parts and garments from small selection regions on human shapes, ex-
tending considerably outwards from the original extents with high detail at the gener-
ated extremities. (b) Same selection, different growths: On the same selection and
mesh, our method can deform & remesh to produce varied growths, such as the person
riding (including a detailed hat), the cargo with geometric texture on the surface, and
the robotic saddle with sharp features.

contrasts with the more conventional per-face Jacobians [1], a face-based quan-
tity that would be more lossy to cast onto vertices and interpolate during a
remesh. In order to support expressive deformations and growing large parts
beyond the extents of the original selection (see ablation in Fig. 9a), we append
features to Geometry in Style’s representation that encode scale in addition to
rotation. Accordingly, the deformation function D is

D(M,Q) = GlobalStep(M,LocalStep(M,Q)) (1)

The local step first finds a local transform Tk for each vertex k, composed of
a rotation matrix Rk computed using qdirk and a diagonal scaling matrix Sk
formed from qscalek . The global step then solves for global vertex positions that
best satisfy those local transformations.

The rotation is found by Eq. (2), a Procrustes problem, which finds a rotation
matrix Rk taking the set of vectors Nk ∪ {uk} to the set of vectors Nk ∪ {qdirk },
where uk is the normal of vertex k in the current base mesh and Nk is the set
of edge vectors in the spokes-and-rims neighborhood of vertex k. Here, pi, pj
are the position vectors of vertices i and j; wij is the cotangent weight of edge
(i, j); ak is the Voronoi area of vertex k; and the hyperparameter λ controls the
strength of the rotation towards the goal qdirk , as described in [16] and [37].

Rk = argmin
R̃k∈SO(3)

∑
(i,j)∈Nk

wij∥R̃k(pj − pi)− (pj − pi)∥22

+ λak∥R̃kuk − qdirk ∥22
(2)

Sk = diag
(
qscalek

)
(3)

Tk = SkRk (4)
LocalStep(M,Q) = {Tk | k ∈ {1 . . . |V|}} (5)
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The global step is the differentiable ARAP global solve from Geometry in Style
except for the use of our local step’s composed transformations T = {Tk | k ∈
{1 . . . |V|} rather than just the rotations {Rk | k ∈ {1 . . . |V|}}.

GlobalStep(M, T )

= argmin
V′

∑
k∈{1...|V|}

∑
(i,j)∈Nk

wij∥Tk(pj − pi)− (p′j − p′i)∥22 (6)

Restricting deformation to a selected region. To restrict the deformation to the
selected region, we 1) set Tk to be identity for k where sel(k) = 0 and 2) sub-
stitute the original positions of these vertices into Eq. (6) before solving for the
unknowns. The solutions are thus the deformed positions for only the selected
vertices. We describe the matrix form of this solve in the supplementary material.
Designing constraints on deformations. Having separate qscalek and qdirk com-
ponents (scale & direction) on the deformation quantity lets us constrain the
possible deformations by construction (rather than by losses). For global defor-
mations, we apply a soft clamp (leaky ReLU) on the qscalek input to Eq. (3) with
a leaky ReLU floor of 0.98. This combats the supervision model’s tendency to-
wards shrinkage when the whole mesh is optimizable; see supplementary material
for ablation.
Initialization. Upon a new base mesh, for vertex i, qdiri is initialized to the area-
weighted vertex normal, and qscalei is initialized to all 1.

3.3 Remeshing

We use the remeshing method of Botsch & Kobbelt [10]. As an isotropic remesher
that aims to produce uniform, near-equilateral triangles given a target edge
length, one iteration of the method involves 1) an edge collapse step, 2) an edge
split step, 3) a valence-improving edge flip step, 4) a tangential smoothing step,
and 5) a projection step to project the result of these steps to the original surface.
These steps make up one iteration; many such iterations can be done for better
isotropic triangulations. In practice, we perform 2 such iterations once every 100
deformation epochs.

In propagating the vertex selection, we incorporate the selection flag sel(k) as
a real-valued vertex attribute selR(k). All remeshing operations (edge collapse,
edge flip, edge split) only occur on edges (u, v) where selR(k) ≥ 0.5 for both
k ∈ {u, v}. Edge collapses and splits grant the resulting vertex w with selR(w) =
1
2 (selR(u) + selR(v)). After a complete remesh iteration (i.e. after reprojection),
every selR(k) is rounded to 1 if at least 0.5, and 0 otherwise.

The Botsch & Kobbelt method requires a target length for each edge. We
use a global target length for all edges involved in remeshing. This length is on
a coarse-to-fine schedule, critical for substantial growth of geometry as shown in
Fig. 10a. We describe our schedule for the local and global tasks in Sec. 4.

Despite the connectivity change, we retain correspondences with the orig-
inal mesh. We keep perfect face and vertex correspondence outside modified
regions (see Fig. 12). Within modified regions, vertex attributes are interpolated
through; the optimizer state is one such attribute (Sec. 3.4).
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Fig. 7: Generated triangulation tailored for the generated geometry. Taking
global deformation of a sphere as an example, we show that each final triangulation,
applied to the original geometry, encodes the structures and appendages requiring high
vertex density in the result shape. This shows the appropriateness and adaptivity of
the generated triangulation for the generated geometry, not merely a uniform upsample
of the original triangulation.

3.4 State Interpolation for Resuming Optimization

We note that the reprojection step involves computing barycentric coordinates
on the pre-remesh triangles for placing new vertices. We take advantage of this to
interpolate the optimizer state. In most optimizers, including Adam [27] which
we use, the state is an accumulator of the gradient with respect to the vari-
able. Since our deformation quantity is vertex-based, the optimizer state is also
vertex-based and can be easily interpolated with barycentric coordinates. In the
supplementary and Fig. 9b, we show that this interpolation is important for
stable, symmetric growths. In global deformations, it also prevents unchecked
scale-ups leading to excess resolution without better geometry.

3.5 Preprocessing

We normalize all starting meshes such that their axis-aligned bounding box fits
within the standardized cube [−1, 1]3 in world coordinates. After normalization,
for the local growth task in particular, we apply initial inflation to provide a
starting geometry, which SDS supervision is sensitive to. To each initial selected
vertex we add a displacement of length ℓ along its vertex normal direction. We
find ℓ by a heuristic formula based on the sum volume of the selected patches,
computed after closing holes making them watertight surfaces: ℓ = a−b

3√
V where

V is the sum volume of all hole-closed selection patches. For positive a, b, this
formula grants larger inflation to smaller selections, the relation decaying expo-
nentially. (See supplementary material for an ablation on this initial inflation
step.) Preprocessing concludes with a first remesh of the base geometry before
the optimization loop begins.

3.6 Differentiable Rendering & Supervision

To obtain supervision for the deformation quantity, we follow the common pro-
tocol of differentiable rendering into images followed by a 2D image diffusion
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model providing score distillation sampling (SDS) loss. We use Cascaded Score
Distillation [14], an SDS variant making use of the multiple diffusion stages of
DeepFloyd IF [55]. We use nvdiffrast [29] as our differentiable renderer.

4 Experiments

Hyperparameters. Each remesh consists of 2 Botsch & Kobbelt iterations. A
remesh happens every N = 100 epochs. Local growth runs last at most 2600
epochs, and global deformations 2200 epochs. The initial inflation (Sec. 3.5),
used only for local growths, has a, b empirically set to a = 4.3, b = 5.2. We use
λ = 8 for Eq. (2). Each epoch uses 8 views sampled uniform-randomly from
fixed ranges for azimuth, elevation, and FOV (settings are shared across all runs
within each task: local growths, global deforms). See supplementary material.
Target length schedule. For local growths, the coarse-to-fine target length sched-
ule begins at 1.7× the average edge length of the mesh after all preprocessing,
linearly ramping from 1.7× to 1.3× over the next 10 remeshes, then from 1.3× to
1.0× over the next 5 remeshes, then 1.0× for the remainder of remeshes. Global
deformations begin at 1.4× the average edge length of the preprocessed mesh,
ramp to 1.0× over the next 18 remeshes, and set to 1.0× for the remainder.
We show the significance of this coarse-to-fine schedule as opposed to remeshing
finely once or remeshing curvature-adaptively in Figs. 10a and 10b.

4.1 Qualitative Evaluation

Local growths: large extents & clean detail. We demonstrate our method’s ability
to impart large-scale yet detailed growth of whole parts to even small selections
on a variety of shapes, organic and manufactured. The growths extend far beyond
the source selection’s spatial extent, such as the long lizard tail, the two pegasus
wings (Fig. 1), the large cargo on the pig’s back (Fig. 6b), the large reindeer
antlers (Fig. 2), and the skirt and cape growths (Fig. 6a).

They also exhibit expressive geometry even at the far ends of growths: the
antlers’ branching tines (Figs. 2 and 8), the curled trunk of the elephant (Fig. 2),
the feather texture on the wings examples in Figs. 1 and 2, the “text” on the
signboards in Fig. 6a, and a hat on the growth of a person riding on a pig’s back
in Fig. 6b. Noteworthy is also the ability to “remove” and reconfigure structures:
in the bowler hat example (Fig. 1) the horns dissolve into a hat; in Fig. 2 the
back of the car shrinks to become the pickup truck ’s bed.
Expressive global detailization. When the selection is the entire shape, our
method generates highly detailed geometry out of plain, simple shapes, closely
matching the text prompt. Fig. 5 demonstrates the deformation of a chair subject
to different prompts. While the source chair has simple geometry, it is success-
fully deformed and remeshed into significantly detailed, distinct outputs. For
example, the backrest turns into a crisp flower geometry, handles and wheels
emerge, or balloon-like elements form. Even with drastic changes, the chair’s
semantic structure (backrest, seat, four legs) is preserved.
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Fig. 8: Qualitative comparison. We compare our method with recent mesh de-
formation techniques [7, 8, 16, 26] for both local growths and global detailization. The
baselines produce noisy results (MagicClay and Instant3dit) or are limited in the gener-
ated geometry expressivity (Geometry in Style and MeshUp). Our remeshing schedule
also helps MeshUp, though our method still produces cleaner, symmetric deformations,
with more efficient use of resolution (see insets), aligning better with the source mesh.
Note that Instant3dit requires a 3D mask to inpaint; we use an early epoch from our
run as this mask, plus 0.25 dilation, since the selection mask alone restricts growth-like
inpainting. Instant3dit’s public code does not include the adaptive remesher or closed-
source mesh LRMs from the paper.

Taking global detailization further, in Fig. 7 we showcase the deformation of a
primitive source shape as simple as a sphere. Beyond the expressive outputs, this
experiment stresses the specificity of our remeshing process: rather than a mere
subdivide or upsample of the source geometry, triangles appear as needed to
form the desired outcome. This corresponds to an efficient, non-uniform trian-
gulation when viewed on the original geometry: triangle density corresponds to
the model castle’s towers, the octopus tentacles, and the lotus flower ’s receptacle
and petals, and is sparser elsewhere. We attribute this to the frequent coarse-to-
fine remesh schedule, accompanying the geometry optimization as it forms new
parts and details. Our optimizer state interpolation also helps: the [10] remesher
aims to get all edges to a target length, and when growth momentum is car-
ried through remeshing via our optimizer state interpolation, actively growing
regions (edges becoming longer) also get more triangles as needed.

4.2 Comparison

We contrast RADmesh with some recent generative deformation baselines [7, 8,
16,26]. Fig. 8 presents visuals; Tab. 1 reports numeric results on 64 shape-prompt
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Table 1: Quantitative comparison: CLIP and VQA scores (×100, higher is bet-
ter), average face quality (FQ) (×100, higher is better), average face counts (#F). We
evaluate on n = 64 shape-prompt pairs (see supplementary material for details). Our
method achieves superior CLIP and VQA score, suggesting better perceptual quality
and adherence to prompts, as well as superior triangle quality while being efficient with
face budget among the methods that remesh. (*Geometry in Style and MeshUp do not
remesh; their average face counts thus reflect the resolutions of the source meshes.)

Method CLIP↑ VQA↑ FQ↑ #F

MagicClay [8] 29.821 57.150 86.784 17203.55
Instant3dit [7] 28.399 52.111 80.132 40034.69
Geometry in Style [16] 29.279 52.120 94.146 11308.06*
MeshUp [26] 30.725 66.093 84.831 11308.06*
MeshUp + our remesh 31.148 69.360 96.310 29461.34
RADmesh (ours) 31.416 72.930 96.516 16963.75

pairs. Rather than defining the deformation objective on the mesh surface, Mag-
icClay and Instant3dit generate on intermediate proxy representations: implicit
SDFs and multiview image inpainting, respectively. These representations are
lossy, more detached from the formation of a mesh, resulting in artifacts. In con-
trast, Geometry in Style and MeshUp deform the mesh directly. However, both
lack remeshing and are not expressive enough. Our method enjoys both worlds:
it deforms and remeshes the mesh itself, generating highly detailed and clean ge-
ometries. Notably, adding our remesh schedule to MeshUp boosts expressivity,
showing the benefit of remeshing in explicit mesh deformation.

Quantitatively we evaluate via four metrics: CLIP score [48] measuring CLIP
similarity of result renders to the text prompt; VQA score [35] as a perceptual
score for text-to-visual generative models; average triangle face quality (FQ)
defined as 4

√
3 A
ℓ21+ℓ22+ℓ23

[9, 52] (face area A, edge i length ℓi) where equilateral
triangles achieve the ideal score of 1; and face count, measuring triangulation effi-
ciency. Among compared methods, ours achieves the best CLIP and VQA scores,
indicating perceptual quality and fidelity to the text prompt. Since we regularly
run isotropic remeshing, we maintain higher quality triangles than competing
methods, which either only distort triangles without remeshing, or reconstruct
towards proxy representations, not ensuring good elements. Our quality is also
more efficiently achieved, with a lower face count than the baselines that remesh.

4.3 Ablation Study

Central to our method is the addition of the optimizable scale parameter, the op-
timizer state interpolation through the remeshing, and the coarse-to-fine remesh
schedule. We validate these design choices with ablation experiments. In Fig. 9a,
we show that the scale parameter, qscalek (Sec. 3.2) is critical for growing large
parts and appendages, with detail and sharpness even at extremities. In Fig. 9b,
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(b) Ablation: no optimizer state interpolation.

Fig. 9: Ablations. (a) No scale parameter: Without the optimizable scale param-
eter, growths fail to attain large extents and have blunted, less sharp detail at the
extremities. (b) No optimizer state interpolation: Without optimizer state inter-
polation, the optimization loses all gradient history upon each remesh. This leads to
less stable deformations, asymmetries, exaggerated view-dependent artifacts, and, in
some cases, excessive resolution or scale-up without better geometry.

we show that when optimizer state interpolation is disabled, the deformation
becomes unstable, as the optimization history is wiped after each remesh. This
setting leads to two undesired effects: uneven results with geometric artifacts,
as well as increased face counts. In Fig. 10a, we stress the importance of our
coarse-to-fine remeshing schedule: remeshing to high resolution once complicates
the optimization landscape and compromises expressivity. Similarly, Fig. 10b
shows that using adaptive remeshing [17] (i.e. giving more resolution to higher-
curvature regions), also fails to support large growths. Committing to dense
triangles early, especially in areas undergoing rapid shape change whose curva-
ture is not yet finalized, compromises the coarse-to-fine property. These results
indicate that uniform, gradual remeshing allows better exploration of the defor-
mation space, allowing efficient evolution of large and detailed geometry, as also
visualized in Fig. 4.

4.4 Applications and Workflows

We demonstrate some extended workflows using our method. Fig. 11 showcases
a workflow comprising multiple prompts: we can iteratively add parts (arms,
head, and a pineapple on the head) to the torso with high detail, including on
top of previously grown parts. Fig. 12 shows a workflow on a textured mesh.
Our method propagates vertex data within the selection region, and keeps all
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Optimization with a
single fine remesh

once at start

22698 faces 18556 faces31862 faces23676 faces
with two pegasus wings

With coarse-to-fine 
periodic remeshing 

(ours)

Optimization with a
single fine remesh

once at start

With coarse-to-fine 
periodic remeshing 

(ours)

on big wheels

a 3d render of a cute chibi cow...

(a) Ablation: no coarse-to-fine remeshing.

Uniform resolution
(ours)

Adaptive 
remeshing

a 3d render of a realistic pig carrying 
cargo on its back

(b) Ablation:
adaptive remeshing.

Fig. 10: Ablations on remeshing. (a) No coarse-to-fine remeshing: Simply
finely remeshing the region only once at the start, even to higher resolutions than the
final resolution of our coarse-to-fine schedule, fails to produce quality growths. This
shows the significance of a coarse-to-fine remeshing schedule. (b) Adaptive remesh-
ing: Using adaptive remeshing (giving more resolution to high-curvature areas) rather
than uniform isotropic remeshing also breaks the coarse-to-fine property, compromising
the ability to grow large geometries.

correspondence, corner UVs, and data outside the selection region. The new
geometry can be easily re-unwrapped and retextured.

4.5 Limitations

Running time is dominated by the slow supervision, being SDS-based: on a single
L40S GPU, a local growth run (2600 epochs) takes 85-90 minutes, and a global
run (2200 epochs) 70-75 minutes. However, epochs earlier than this may already
sufficiently satisfy the prompt. The use of a Poisson solve also requires the mesh
to be manifold, a restriction shared by all other such Poisson solve-based methods
(Geometry in Style [16], MeshUp [26], other NJF [1]-based systems.) However,
integrating non-manifold mesh Laplacians [51] and non-manifold connectivity
edit operations [38] is a promising direction for future work.

a 3d render of a torso 
with long arms

a 3d render of a 
muscular upper body

a 3d render of a man with 
a pineapple on his head

run
select 
only 
neck

arm slots 
selected

select 
only top 
of head

run run

Fig. 11: Iterative editing. We progressively add parts to the torso mesh by iterative
selections (including on top of previously grown parts) and prompts.
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a 3d render of a stegosaurus

a 3d render of a long scary fish with fins

Original mesh with
UVs and texture map

Selection deformed & remeshed,
preserving mesh and UVs elsewhere

Selection manually
UV-unwrapped & textured

Fig. 12: Workflow on textured meshes. Despite changing connectivity, our method
interpolates vertex attributes inside, and fully preserves correspondence, geometry, and
data of mesh elements outside the region selected for deforming and remeshing. This
includes e.g . corner UVs. We demonstrate the workflow of deforming and remeshing a
region on a mesh with existing UVs and texture: the rest of the mesh is unchanged,
and the user can choose to unwrap and texture the newly grown geometry.

5 Conclusion

We presented a technique for learning to deform and change the triangulation of a
mesh using noisy visual losses. Our framework optimizes a controllable, robust,
smooth per-vertex deformation quantity instead of raw vertex positions. Our
remesher propagates this quantity’s optimization state across discrete remeshing
operations, allowing optimization remain coherent despite the inherently non-
differentiable nature of connectivity changes. As a result, our method smoothly
molds meshes to have new extended parts and detail with stability, fidelity,
triangle quality and efficiency.

In the future, we are interested in applying this framework for learning de-
sirable triangulations and for quad meshing. In our current formulation, all the
remeshing operations (edge collapse, splits, flips) are genus-preserving. Looking
ahead, we aim to incorporate mesh tearing and merging operations that would
allow the optimization to introduce topological holes and genus modifications.
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