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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 specifically propose to parameterize the space of
weights through a neural field, 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 field is optimized per-shape, but distillation is fast
and accelerated through a novel barycentric feature distil-
lation. This procedure allows feature fields 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 efficiently sample the shape
space from each render. We show that with barycentric dis-
tillation, feature fields 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 fixed point constraints.
Specifically, 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 fixed 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 deficiencies 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 Handle-Based 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 define
control handles which form the nodes of a coarse polytope
enclosing the mesh. Each vertex is defined as a linear com-
bination of node positions, the weights of which are typi-
cally generalized barycentric coordinates [9].

Skeleton rigs define 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
“patural deformation” [4], where in lieu of a well-defined
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. Data-Driven Handle-Based 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,
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as demonstrated in Fig. 1.

2.3. Properties of Handle-Based 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-
fined 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 first work to demonstrate that such de-
formations could be desirable.

We propose two more desiderata: efficient compute un-
der changing handles and mesh resolution. All cited works
require solving an optimization problem to obtain either
the weights or the final 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
fields, 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 field optimization (pre-processing) through barycentric
feature distillation, which maximizes the feature signal ex-
tracted from each render and allows efficient distillation of
shapes with millions of elements (3.2). Additionally, we

Global Local Size New Handle

Semantics Control Robust w/o Optim.
Classical
ARAP [35] X v X X
Biharmonic [39] X ve X X
Neural
APAP [44] v X X X
DMH [25] v X X X
NeuralMLS [34] X v v X
DFD (Ours) v v v v

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-
Iution. “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' C R? and
faces F', our method predicts a DFD weight matrix W €
R™™ (n = |V|) which defines the basis for a deforma-
tion subspace of the mesh. For a given set of deformations
{Ds,..., Dk} (affine transformations assigned to vertices
Vj, ;- .-, Vj,), we can compute the final position of vertex ¢
through an extended form of standard linear blending.

K K
Vi/ = (max(l — Z Wijk,O)Do + Z Wijka)Vi (1)
k=1 k=1

The term max(1 — Z;il Wi;,0)Dg represents a simulated
control point which has some default transformation Dy.
We assume in all our results that Dy is the identity trans-
formation, but can be set to some default affine 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 Zszl Wiz < 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 (fig. 6 in [16]). We also show in supple-
mental Fig. 21 that our method also produces reasonable
results for dense handle configurations, where partition of
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Figure 2. General Affine Transformations. DFD weights effectively interpolate affine transformations to generate plausible pose changes.
We can generate a variety of deformations by leveraging detected symmetries (a,b) (3.3.3) and localization control (b, d) (3.3.2).
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Figure 3. Translation Edits. Edit results from different handle (blue) translations to target locations (green) using translations prescribed
by APAP-Bench 3D. [44]. Weights are visualized as heatmap insets. A larger set of results from the dataset are shown in the supplemental.

28x10° faces 28x10% faces

Figure 4. Barycentric Feature Distillation. (Left) Existing fea-
ture distillation methods use only pixels intersected by raster ver-
tices. Barycentric distillation takes advantage of the known geom-
etry to supervise with features at all pixels intersected by a trian-
gle. (Right) High resolution meshes look visually unchanged even
with extreme reduction using QEM (99%). Consequently their
feature fields are virtually identical (PCA insets). We opt to distill
features using renders of low-resolution meshes, and use them to
deform meshes at their original resolution.

unity is not guaranteed. Linear blending of affine transfor-
mations follows the same approach as past work [16, 39],
which themselves follow a long tradition of linear averag-
ing deformations in skeletal animation [17].

3.2. Barycentric Feature Distillation

Barycentric feature distillation is motivated by the observa-
tion that existing work on feature distillation for surfaces
waste much of the visual signal from renders [7, 42]. Fig. 4
(left) demonstrates this with a simple example of a raster-

ized triangle on the image plane. Current works distill fea-
tures onto mesh vertices, which means only the pixels con-
taining a vertex (red dots) contribute to features on the sur-
face. Using a neural field and the triangle geometry, we can
instead extract the 3D coordinates for all the pixels covered
by the triangle (green), and optimize our neural field on the
features from these pixels. Formally, we can use the ras-
terization process to define a function which assigns a 3D
surface coordinate to each render pixel (4, 5).

T(i,7) is a matrix where the columns are the vertex posi-
tions of the triangle covering the center of pixel (7, j) and
B(i,j) is a row vector containing the barycentric coordi-
nates of the surface point at the pixel center. Note that F;;
is only defined for pixels which have triangles intersecting
the center. Let Z;; be encoded feature for pixel (¢, 7). The
training loss for our neural field ® is

-y

(i,5)€Q

Zi |
P iz, ®

where (2 contains the set of all pixels which have centers
covered by a raster triangle. This method of supervising on
features-per-pixel rather than features-per-vertex results in
complete disentanglement of the neural field sampling and
the mesh resolution. Two meshes occupying the same vol-
ume in the field will induce the same sampling resolution.
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Figure 5. Visual Symmetry Detection. Our neural field represen-
tation returns visual features for arbitrary 3D points. This allows
us to evaluate candidate symmetry planes on points away from the
shape surface, which we use to identify symmetry planes where vi-
sual features are reflected. This identification is not constrained by
extrinsic geometry or isometry constraints. Our symmetric defor-
mations are generated by manipulating only one side of the shape.

Though rendering is typically fast, it becomes a non-
trivial bottleneck for high resolution shapes. We observe
that high-resolution meshes do not visually change much
even with aggressive decimation, which motivates our deci-
sion to first downsample the shape with quadric error sim-
plification (QEM) prior to rendering. We find empirically
QEM to be substantially faster than rendering for shapes
at most resolutions. In Fig. 4 (right), a single render of the
Lucy mesh (28 million faces) with Pytorch3D [31] takes 5.7
minutes, whereas quadric mesh simplification with 99% re-
duction and then rendering takes 3.7 seconds. Despite the
reduction, the two meshes look visually identical. Distill-
ing with barycentric features, however, is critical to ensur-
ing the neural field distilled on the coarse mesh is effective
for the mesh at its original resolution. We show in supple-
mental Fig. 13 that standard vertex-based distillation on the
coarse shape results in much worse DFD weights, even for
the same number of training FLOPs.

3.3. Feature Proximity Weighting

Given a trained feature field ® and mesh with vertices V,
we have unit-norm distilled features Z = ®(V'). For some
similarity function F'(«, y) which maps points z, y to a sim-
ilarity value between -1 and 1, our weights are defined as

“4)

F' can be any similarity function which falls within [-1, 1],
and we find a simple L2-based function works well.

W, = max(F(Z;, Z;),0)

F(Zi,Z;) = 1= 12 = Zjll2 (5)
For unit norm features, I’ is 1 when Z; and Z; are the same
and -1 when the features are the furthest apart. Negative
weights are undesirable [16], so we interpret all negative
weights to represent unrelated features and clamp them to
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Figure 6. Feature Space Constraints. Fixed points in our frame-
work constrain points with similar deep features. For example,
we place a fixed point on the robot treads, which prevents it from
twisting with the torso.

Default Weights Local Weights
]

Figure 7. Locality Weighting. Locality weighting (7) allows pre-
cise control over the spatial extent of the target deformation. With
default DFD weights, the deformation is a reasonable rotation of
the cow head, and with locality weighting the same deformation
instead bends just the horn.

0. For vertices 1, j, the weight W;; is given by Eq. 4. Note
that Z is precomputed from a single forward pass of @, so
weights for new handles are obtained from computing F'.
Our choice of linear F' (5) makes this weight calculation
linear with respect to both vertex and handle count.

3.3.1. Feature Space Constraints

We propose a simple extension to our framework to account

for point constraints. For fixed vertex indices {p1, ..., pr},
we can update WV such that
Wi; = max(W;; — max(Wiy, ), 0) (6)
Pk

Fixed points update the weights for vertex ¢ by subtracting
the maximum weight between 7 and the fixed points. This
ensures W; < 0 for all fixed points k. The outer max
ensures none of these adjusted weights become negative, so
Wi, = 0. Practically, all points with similar visual features
to the fixed points will be constrained. We demonstrate the
effectiveness of these constraints in Fig. 6.

3.3.2. Locality Weighting

A user may not always want deformations to result in global
shape change. We introduce a user-defined parameter A
which determines localization extent. If A > 0, we update
the weight matrix to localized weights W’

Wi; = Wi (1 - Gij) (7



where G;; is the geodesic distance between vertex ¢ and
vertex j [33] normalized such that the maximum geodesic
distance is 1. As geodesic distance increases, the weights
between points to the handle drops off to 0 with speed de-
termined by A. Fig. 7 shows that by allowing user control
over the dropoff, specific local features can be deformed.

3.3.3. Visual Symmetry Detection

Our neural field representation enables automatic evaluation
of candidate symmetry planes. For a candidate plane P, let
V' be the set of all mesh vertices on the positive side of
the plane normal, and let V'~ be the vertices on the negative
side. Let R p be the function which reflects points across P.
We say there exists a visual symmetry along P if

A 8() =~ 2(Re (V)
+ (V) = B(Rp(V))]]2) < ¢

For symmetry-preserving deformations along plane P,
we update the right-side term in Eq. (1)

K
D Wi = Y WiaDi+ > WyaRp(Dy) (8

k=1 ke keQ;

Qj is the set of handles on the same side of P as vertex ¢,
and vice-versa for (2;". Handles in ;" have their deforma-
tions reflected across P before being applied to V;.

Since similarity is computed based on visual features, the
detected symmetries are not geometric, but rather visual.
The closest related concept is intrinsic symmetry [28], in
which identical geometric parts in different poses are iden-
tified as symmetric. Our notion of visual symmetry takes
this one step further, where the parts need not be intrinsi-
cally identical, but simply visually.

Fig. 5 shows an example of a shape which has visual but
not extrinsic symmetry. Our neural field representation al-
lows for evaluation of features that are not on the shape sur-
face. In this example, we identify a vertical symmetry plane
that enables symmetric deformations, such as switching the
leg poses, broadening the shoulders, and even crossing the
legs, by manipulating just one side of the shape.

For all results shown, we evaluate symmetry planes
spanning the primary axes and specify when the results ap-
ply detected symmetries. We set € = (.1 for all results.

4. Experiments

We evaluate against the baselines in Sec. 2.3, and use the
datasets from APAP (APAP-Bench 3D) [44] and Deep-
MetaHandles (DMH) [25] (1,363 shapes from the cars, ta-
bles, and chairs categories in ShapeNet [5]). Some val-
idation shapes are non-manifold (causing DMH, ARAP,

and biharmonic coordinates to fail), so we generate man-
ifold versions using [15]. Our method is robust to non-
manifoldness, as shown in supplemental Fig. 17. All DFD
weights are distilled from DINOv2 [27]. We QEM simplify
shapes with over 50k faces to <50k for barycentric feature
distillation and do not simplify lower resolution shapes.
APAP-Bench 3D comes with prescribed handles and tar-
get positions. The DMH dataset comes with basis vectors
and handles predicted by the trained DMH model. For our
method, we use a single handle and target position by taking
the largest-norm offset from the predicted basis.
Biharmonic coordinates require a tet mesh, so we tetra-
hedralize all shapes using FTetWild [14]. We correspond
the original surface and the tet mesh with nearest neighbors,
and we transfer the handles accordingly. All biharmonic re-
sults are visualized with the deformed tet mesh. Texture
information is not transferred well, so we exclude textures.

4.1. Qualitative Results

Affine Transformations. DFD weights smoothly interpo-
late affine transformations while respecting shape seman-
tics. We show affine deformations on shapes from Obja-
verse [6] in Fig. 2, which demonstrate the many axes of
control within our framework. We show symmetric defor-
mations enabled by our symmetry detection (a,b) (3.3.3), lo-
cal deformations using locality weighting (b,d) (3.3.2), and
pose changes using our base weights (a-c,d,f).
Translation-Based Editing. Fig. 3 shows translation-based
shape edits using DFD weights. These weights propagate
edits to visually relevant features, such as the nose of the
Moai sculpture, the arms of the robot, the chair cushion,
and the horns on the demon mask.

Qualitative Comparisons. Fig. 8 compares the same
shapes and handle transformations shown in APAP [44]
across the baselines. Our weights perfectly correspond key
features on the shape, allowing for uniform stretching of
the fox ears (row 2). Furthermore, symmetry detection al-
lows us to generate uniform and symmetric scaling of the
owl head and axe blades (rows 1,3). APAP does not consis-
tently preserve symmetry due to its reliance on a noisy score
distillation signal. Both ARAP and biharmonic coordinates
are Laplacian-based, so the deformations are unsurprisingly
non-visual and often result in global rotations/offsets due to
poor placement of fixed points. Though handle sets in rows
1 and 2 are similarly placed (fixed points under the feet),
the behavior of ARAP/biharmonic is inconsistent, demon-
strating the difficulty in choosing performant handle sets.
We show additional comparisons, with and without 0.01-
sampling, in supplemental figures 14 and 15.

Fig. 9 shows deformation comparisons on the DMH
dataset. DMH uses biharmonic coordinates as its defor-
mation framework, so they are synonymous in this com-
parison. We use handle sets and deformations predicted by
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Figure 8. APAP-Bench 3D Comparison. Qualitative results using the shapes and handles shown in the APAP paper. DFD uses the
single prescribed handle translation with no fixed points. All other methods require many constraints to achieve reasonable deformations.
These are generated with 0.01-ball sampling of handles/fixed points, following APAP. Control handle initial positions are in blue and target
positions in green. Fixed points are in red. Transparent silhouettes show deformation change, where the initial mesh is blue and final mesh
is green. DFD weights are shown in small heatmap insets. Biharmonic coordinates requires a tetrahedral mesh, whereby the texture is lost
in conversion. Additional comparisons shown in supplemental figures 14 and 15, with and without 0.01-ball sampling, respectively.

DFD (Ours) Biharmonic

. o 5
AA
T I

NeuralMLS

- S G . By 55 By 55 B
AARARAARN
TITTITIICT

Target
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Figure 9. DMH Comparison. We compare against baselines using the DMH dataset [25]. The baselines use 50 control handles with
offsets predicted by DMH, while our method takes the single handle with highest-norm offset. DMH uses biharmonic coordinates as its

deformation model, so they are equivalent. Our method generates deformations that are just as smooth as DMH and more visual/structure-
aware.

=

DMH, making this a very strong baseline. Nevertheless, our
method demonstrates smoothness on par with DMH with
greater visual awareness. DMH will generate global rescal-
ing of the chair, whereas our method can restrict the de-
formation to the legs (row 2). DMH will sometimes over-
constrain (sharp artifacts in row 1) and lacks in symmetry
awareness (uneven legs in row 3). Additional comparisons
are in supplemental Fig. 16.

4.2. Quantitative Results

Timing. We conduct a timing analysis of DFD against the
baselines to quantify our efficiency claims. To cover all
methods, we measure timing of 3 phases (which may not
all apply to each method): preprocess, bind, and pose.

* Preprocess time involves all the steps involved prior to
computing the handle weights (bind). Biharmonic coordi-
nates converts the surface mesh to a tetrahedral mesh, and
prefactorizes the bilaplacian system for the linear solve.
APAP renders the shape and finetunes a LORA model,
and DFD (our method) distills a feature field.

* Bind time is the time taken to compute handle weights.
Biharmonic solves a linear system over the tet elements,
DFD (our method) does a feedforward pass and feature
distance calculation, and NeuralMLS trains a neural field.

* Pose time involves computing the final deformed mesh.
Both DFD and biharmonic leverage the speed of lin-
ear blending, whereas ARAP solves a linear system,
APAP conducts score distillation sampling [29], and Neu-
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Figure 10. Method Timing. We compare timings across three
stages (preprocess, bind, pose) for our datasets remeshed to dif-
ferent resolutions. Biharmonic coordinates fails in both the tetra-
hedralization preprocess and bind steps at resolutions higher than
10° faces. Our method (DFD) is just as fast as biharmonic coor-
dinates at the lowest resolution, and scales better than all methods
across all phases. Our preprocess time is robust to mesh resolu-
tion due to barycentric feature distillation (3.2). DFD also demon-
strates sublinear scaling in both bind and pose time.

ralMLS solves a moving least squares problem.

We remesh each shape in our dataset to resolutions
between 103 to 107 faces (~6,000 shapes) and compute
method timings over them (Fig. 10, log scale). Biharmonic
coordinates scale very poorly in the tetrahedralization and
bind phases, and fails at resolutions past 10° faces. Our
method, on the other hand, demonstrates robust scaling for
all phases across all resolutions. APAP also demonstrates
good scaling but has a base runtime several orders of magni-
tude larger than DFD. ARAP and NeuralMLS exhibit both
higher base runtimes and worse scaling than our method.

Though the analysis above already demonstrates our
method’s efficiency, it doesn’t take into account the fact all
other methods must re-optimize for new handles. OptCtrl-
Points [22] is a recent method that attempts to make the re-
solve for biharmonic coordinates more efficient. We eval-
uate this accelerated re-solve against our method for new
handle bind times in supplemental Sec. A and show our
method is still several orders of magnitude faster.

User Study. We conduct a user study using deformations
from our evaluation datasets and 6 additional large han-
dle deformations. To show our weights robustly interpolate
both translations and rotations, we evaluate both translation-
only (DFD-T) and affine (DFD-A) variants of our method.
Users (N=37) selected the 2 “most desirable” deformations
for each example, and we report the frequency each method
is chosen in Sec. 4.2. Both versions of our method are
significantly preferred over the baselines (82% for DFD-T
and 79% for DFD-A). Screenshots are in the supplemental
Fig. 23. To measure perceptual realism, we conduct a sec-
ond user study (N=23) which asks users to select the “de-
formation which is most realistic and best preserves shape
detail”. Our method is chosen by users 64% of the time,
ARAP 17.7%, NeuralMLS 15.2%, biharmonic 2.2%, and
APAP 0.93%. Additional detail in Sec. K.

DFD-T DFD-A ‘ ARAP  Biharmonic ~APAP NMLS

82% 9% | 19% 3% 4% 11%

Table 2. User Study. We evaluate the translation (DFD-T) and
affine (DFD-A) variants of DFD against baselines. Users (N=37)
select the top 2 deformations for each example, and we report the
frequency each method is chosen. NMLS stands for NeuralMLS.

4.3. Ablations

Barycentric feature distillation. We ablate on barycen-
tric distillation in supplemental Fig. 13. Specifically, we
take the same approach as prior work and supervise the
neural field solely on pixels which contain a vertex. We
distill using the same decimated mesh and train for addi-
tional iterations to match the total # FLOPs trained with un-
der barycentric distillation. Despite this, the resulting DFD
field produces weights which are neither smooth nor visual-
aware on the original resolution shapes.

Different image encoders. We explore DFD weights ex-
tracted from different modern image models and find that
they give surprisingly similar deformation results. Specifi-
cally we find that different image features tend to correlate
the same structures, which indicates a convergence in se-
mantic understanding of these different models. We show
these results in supplemental Fig. 11 and Fig. 12.

5. Conclusion

Deep Feature Deformation generates deformation weights
using feature distances. These weights, without regular-
ization, yield smooth and shape-preserving deformations.
Barycentric feature distillation ensures our distillation is
fast and resolution-agnostic linear blending enables interac-
tive deformation, and the field representation allows visual
symmetry detection. We expose classical axes of control
through locality weighting and feature space constraints.
Unlike prior methods we incorporate new handles with-
out re-optimization, taking an important step towards true
user-interactivity, which we demonstrate through a proof-
of-concept GUI (supplemental videos).

Limitations. DFD weights are distilled on high resolution
shapes in around a minute but still require per-shape op-
timization. Linear blending of extreme deformations has
known issues (e.g. volume collapse) [17] we do not re-
solve.
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