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Figure 1. Our DFD framework enables flexible control over a wide range of deformations in real time. Symmetric deformations may be
achieved through our automatically detected symmetry plane (yellow).

Abstract

Handle-based mesh deformation is a classic paradigm in
computer graphics which enables intuitive edits from sparse
controls. Classical techniques are fast and precise, but re-
quire users to know ideal handle placement apriori, which
can be unintuitive and inconsistent. Handle sets cannot be
adjusted easily, as weights are typically optimized through
energies defined by the handles. Modern data-driven meth-
ods, on the other hand, provide semantic edits but sacri-
fice fine-grained control and speed. We propose a technique
that achieves the best of both worlds: deep feature prox-
imity yields smooth, visual-aware deformation weights with
no additional regularization. Importantly, these weights are
computed in real-time for any surface point, unlike prior
methods which require expensive optimization. We intro-
duce barycentric feature distillation, an improved feature
distillation pipeline which leverages the full visual signal
from shape renders to make distillation complexity robust
to mesh resolution. This enables high resolution meshes
to be processed in minutes versus potentially hours for
prior methods. We preserve and extend classical properties
through feature space constraints and locality weighting.
Our field representation enables automatic visual symme-
try detection, which we use to produce symmetry-preserving
deformations. We show a proof-of-concept application
which can produce deformations for meshes up to 1 million
faces in real-time on a consumer-grade machine. Project
page at https://threedle.github.io/dfd.

1. Introduction

Handle-based deformation frameworks enable intuitive
editing with sparse inputs. Traditional methods solve an
optimization problem to obtain either a weight matrix for
linear blending of handles [16, 39] or the deformed mesh
vertices directly [35]. Both types of methods require strate-
gic placement of the handles to obtain desirable deforma-
tions [22]. Traditionally, local influence of the handles is
enforced through the optimized energy (typically a Lapla-
cian or rigidity energy). Local influence is assumed to be
desirable, but in this work we argue that global/semantic
influence can also be desirable (e.g. co-deformation of
chair legs). In fact, prior work provides evidence for this
[10, 25, 38, 44]. These data-driven methods offer semantic-
aware edits (symmetry/structure preserving), but lack the
fine-grained control and speed of traditional methods.

Our work aims to synthesize the strengths of the these
competing approaches. Specifically, we desire the speed
and fine-grained control of traditional handle-based defor-
mation methods, while simultaneously capturing visual un-
derstanding from data priors. This brings us to Deep Fea-
ture Deformation weights (DFD weights), which use dis-
tilled deep features from pretrained 2D models to define the
function mapping handle transformations to surface defor-
mations. Importantly, this function is not conditioned on
the choice of handle set and does not involve solving any
optimization problem. We take a simple yet effective ap-
proach: we define linear blending weights based on feature
similarities. We demonstrate that these weights are robust
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across deformation types, handle choice, and shape.
We speci�cally propose to parameterize the space of

weights through a neural �eld, so that any handle can be
chosen from ambient space, without the need for expen-
sive re-optimization. DFD weights correlate visually simi-
lar structures due to the data prior of 2D pre-trained models.
Deformations using our weights are smooth without requir-
ing any additional vertex constraints or regularization.

Each �eld is optimized per-shape, but distillation is fast
and accelerated through a novel barycentric feature distil-
lation. This procedure allows feature �elds to be rapidly
distilled on coarse shapes and transferred to high-resolution
counterparts during inference. Existing distillation tech-
niques distill to the mesh resolution. We instead make dis-
tillation a function of render resolution, and leverage the
geometric prior of the mesh to ef�ciently sample the shape
space from each render. We show that with barycentric dis-
tillation, feature �elds for shapes ranging from 1000 to >10
million faces can all be optimized within a few minutes.

Though our weights by default give global deformations,
we still account for locality and �xed point constraints.
Speci�cally, we introduce locality through a geodesic-
weighting adjustment. Under our framework, point con-
straints naturally extend to visual constraints, which we dub
feature space constraints. Visually similar parts constrained
by these �xed points are preserved under deformation.

We evaluate our DFD weights on shapes of varying qual-
ity, resolution, and type. Our weights are robust to topolog-
ical de�ciencies and our performance is on-par or outper-
forms all baselines on their specialized datasets. We de-
velop a toy GUI for interactive mesh deformation.

2. Related Work

We divide related handle-based deformation work into tra-
ditional methods and data-driven ones. We then address a
set of common desirable properties of such methods, pro-
pose some alterations, and contextualize our method against
relevant baselines in Sec. 2.3.

2.1. Traditional Handle­Based Methods

Handle-based methods offer low-dimensional control struc-
tures for performing shape editing or animation tasks.
These methods can be roughly categorized by their choice
of control structure, the most common being handle points,
cages, or skeletal rigs.

Methods which use handle sets either use variational
methods to optimize each deformation according to target
handle positions ([3, 4, 35], or optimize a weight matrix
to perform linear blending of the prescribed handle posi-
tions to produce the deformed shape ([16, 39]). Implicit-
ARAP [1] is an interesting recent work which extends as-
rigid-as-possible optimization to implicit representations.

Cages [13, 19, 20, 24, 41] are similar in that they de�ne
control handles which form the nodes of a coarse polytope
enclosing the mesh. Each vertex is de�ned as a linear com-
bination of node positions, the weights of which are typi-
cally generalized barycentric coordinates [9].

Skeleton rigs de�ne a hierarchy of bones related through
joint rotations, and deformations applied to the bones are
transferred to the mesh surface through skinning weights [2,
21, 23, 26, 40]. The hierarchical structure allows for move-
ments made to the extremities to propagate through the
kinematic chain, causing larger scale pose changes and
shape motions. This property is what makes skeleton rigs
preferred in animation and shape-preserving applications.

All traditional methods aim to produce some form of
“natural deformation” [4], where in lieu of a well-de�ned
mathematical notion of “natural”, distortion minimization
becomes the stand-in objective. Distortion minimization
is an effective approach to achieving “pose change” types
of deformations, where articulated parts are bent or twisted
while preserving total shape volume, but these are not the
only types of deformations a user may desire. For instance,
a user may wish to elongate all the legs of a chair mesh in
a symmetric way to preserve the chair structure and func-
tion. Data-driven approaches have since emerged to cham-
pion these types of surface-distorting, yet desirable, edits.

2.2. Data­Driven Handle­Based Methods

Early data-driven shape deformation works explored the
space of semantic design attributes through curated datasets
[45]. Recent works use data to predict the parameters
of the traditional control structures cited in the previous
section. Neural Cages [43] introduces a neural network
which predicts both the cage node positions and the cor-
responding node translations to deform a shape towards a
target. Similar works have utilized shape targets for opti-
mizing control structure quantities, such as AlignNet [12],
OptCtrlPoints [22], KeypointDeformer [18], DeepMeta-
Handles [25], and DeformSyncNet [37]. NeuralMLS [34]
leverages the smooth prior of neural networks to obtain de-
formation weights based on input handles.

APAP [44] is a recent method which combines the clas-
sical approach of ARAP with the modern approach of su-
pervision from pretrained text-to-image models to generate
”plausibility-aware” shape deformations from handle posi-
tions and anchor points.

Importantly by learning through data, these works
demonstrate user-desirable deformations which are not nec-
essarily near-isometric pose changes. In particular, IWires
[10], DeepMetaHandles [25], and APAP [44] show surface
distorting transformations (e.g. part scaling and stretching)
that preserve global symmetries and shape structure. Our
method aligns with this line of work, though we emphasize
that our method is ultimately capable of both types of edits,



as demonstrated in Fig. 1.

2.3. Properties of Handle­Based Methods

Most methods have abided by a set of desirable proper-
ties for handle-based deformation. As outlined by OptC-
trlPoints [22], these properties are:
1. Identity: The original shape must be reconstructed under

zero movement of shape handles.
2. Locality: The deformation produced by each individual

handle must be local and smooth.
3. Closed-form: The deformed shape is a closed-form ex-

pression of the target point transformations
4. Flexibility: The deformation handles and function is de-

�ned without any additional information about the shape
(e.g. skeleton hierarchy).

We agree with properties 1,3,4 but argue that locality is not
essential. Rather, deformations may be global as long as
they are smooth. Locality may be preferred depending on
the user's intent, but allowing global deformations opens up
the possibility of modeling with semantics – editing while
preserving shape symmetries (visual/intrinsic/extrinsic) and
global structure/function. As explained in the previous sec-
tion, we are not the �rst work to demonstrate that such de-
formations could be desirable.

We propose two more desiderata: ef�cient compute un-
der changing handles and mesh resolution. All cited works
require solving an optimization problem to obtain either
the weights or the �nal deformation. These works also
scale poorly – at best quadratically with vertex count. This
is a fundamental bottleneck towards real-time deforma-
tion, as users will frequently iterate over handles. OptC-
trlPoints [22] takes an important step towards reducing the
bottleneck, but does not resolve the underlying issues of op-
timization and scaling. Our method makes handle-based re-
computation fast by simply assigning weights in terms of
feature distances, bypassing the need to solve large linear
systems. We downsample shapes using a fast decimation
algorithm, and use the coarse renders to optimize feature
�elds, making us highly robust to resolution (see Fig. 10).

Based on these properties, we place our work in context
with the relevant baselines in Sec. 2.3. We emphasize that
all existing works must re-solve an optimization problem
for new handles (“New Handle w/o Optim.”), and ours is the
only method which affords both local and global control.

3. Method

DFD weights map control handle deformations to the rest of
the shape through linear blending, enabling real-time and
interactive mesh deformations (3.1). We accelerate neu-
ral �eld optimization (pre-processing) through barycentric
feature distillation, which maximizes the feature signal ex-
tracted from each render and allows ef�cient distillation of
shapes with millions of elements (3.2). Additionally, we

Global

Semantics

Local

Control

Size

Robust

New Handle

w/o Optim.

Classical

ARAP [35] 7 3 7 7
Biharmonic [39] 7 3 7 7

Neural

APAP [44] 3 7 7 7
DMH [25] 3 7 7 7
NeuralMLS [34] 7 3 3 7

DFD (Ours) 3 3 3 3

Table 1. Properties of Control-Based Deformation Methods.
“Global Semantics” is whether the method can make visual-driven
global deformations. “Local Control” is the ability to smoothly de-
form the surface local to the transformed handle. “Size Robust” is
whether the weight computation scales robustly with mesh reso-
lution. “New Handle w/o Optim.” is whether the method solves
an optimization problem with every update to the control handle
set. Our method (DFD) is the only work which incorporates these
desiderata.

demonstrate locality control, feature anchoring, and auto-
matic symmetry evaluation capabilities (3.3).

3.1. Preliminaries

Given a mesh M = (V; F ), with vertices V � R3 and
faces F , our method predicts a DFD weight matrix W 2
Rn�n (n = jV j) which de�nes the basis for a deforma-
tion subspace of the mesh. For a given set of deformations
fD 1; : : : ; DK g (af�ne transformations assigned to vertices
vj 1 ; : : : ; vj k ), we can compute the �nal position of vertex i
through an extended form of standard linear blending.

V 0
i = (max(1 �

KX

k=1

Wij k ; 0)D0 +
KX

k=1

Wij k D k )Vi (1)

The term max(1 �
P K

j=1 Ŵij ; 0)D0 represents a simulated
control point which has some default transformation D0.
We assume in all our results that D0 is the identity trans-
formation, but can be set to some default af�ne transforma-
tion to be applied globally if desired. The max function is
applied to avoid negative weights on the simulated control
point, which can result in unintuitive behavior [17].

By including a simulated control point, we satisfy parti-
tion of unity for sparse handles (where

P K
k=1 Wij k � 1).

This property is primarily enforced to guarantee no move-
ment under identity transformation, and otherwise does not
serve much practical purpose. Past work has demonstrated
that dropping this constraint yields negligible changes to de-
formation quality (�g. 6 in [16]). We also show in supple-
mental Fig. 21 that our method also produces reasonable
results for dense handle con�gurations, where partition of
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