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Figure 1: Parametric shape models often expose multiple, intertwined parameters. For example, this flower has parameters to control the
distribution of petals around its center, the opening of the petals, their bending inward or outward, their thickness. Instead of manipulating
these parameters individually, users of our approach can express desired shape changes by dragging points of the implicit parametric surface.
(a-b) Optimizing the model parameters to bring the implicit surface to the target point effectively closes the flower, but it also inflates the
petals. (c) We offer additional control by leveraging the differentiability of implicit surfaces. In this example, constraining the edit to preserve
curvature at the dragged point avoids inflation of the petals. (d) Other constraints allow the user to reverse the curvature of the petals and
close the flower by dragging some of the petals while using a pin constraint to keep others fixed.

Abstract

We present a method to perform drag-based editing of parametric shape models that represent classes of shapes as implicit
surfaces. These models typically expose multiple parameters to control variations of a shape, but achieving a desired edit often
requires tedious trial and error to find appropriate parameter values. Our approach lets users select points on an instance of
a parametric model and drag these points to specify desired transformations of the implicit surface. Our method then solves
for the model parameters that best satisfy these user-provided constraints. The key challenge we face is that implicit shape
models do not offer a consistent parameterization of their surfaces, preventing a direct association between points across shape
variations. Our solution to support diverse edits is to constrain the optimization to preserve local differential quantities of the
surface around the dragged points, offering users a means to control the orientation and curvature of the surface they drag
despite the lack of explicit point correspondences. Importantly, our approach applies to any differentiable parametric implicit

surface, including procedural models as well as neural implicits.

Keywords: parametric shape models, implicit surfaces, neural
implicit fields, signed distance fields, direct manipulation

1. Introduction

Parametric shape models encode entire shape classes via a limited
set of parameters. These models can be created by expert design-
ers in dedicated modeling software [Ble26, GPGC24, PLH*25], or
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learned from shape collections [PFS*19, JBX*20]. In the former
case, the shape is obtained by executing a graph of operators that
act on parametric primitives (e.g., boolean operations over cubes,
cylinders, spheres, etc). Varying the parameter values of the prim-
itives and operators produces diverse shapes, and designers often
define these parameters to correspond to semantically meaningful
shape variations. In the latter case, a neural network is trained to
reproduce a set of shapes belonging to the same class, each shape
being assigned a compact latent code. Varying the latent code val-
ues interpolates between the input shapes, although the latent di-
mensions are generally not semantically interpretable. Once con-
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structed, a parametric shape model allows downstream users with
limited expertise in shape modeling to control shape dimensions
by changing the corresponding parameter values, allowing them to
customize a product in an e-commerce configurator [GMR14], to
create personalized assets for video games [FDZA25], or to tailor
an object for 3D printing [OWM15].

Despite their ability to encode shape classes in a compact, ed-
itable manner, parametric shape models can be difficult to explore
through changes of their raw parameters. On the one hand, expert-
designed or learned models can have tight inter-dependency be-
tween their parameters, making it difficult to identify which pa-
rameter values to adjust to achieve the intended result. On the other
hand, poorly-constrained models can produce broken, undesired
shapes for some parameter values. This limitation of parametric
models has motivated extensive work on so-called direct manipu-
lation interfaces, where users interact with the shape produced by
the parametric model, and the system deduces how to update the
parameters to produce a new shape that satisfies these user inter-
actions [Gle94]. In particular, drag-based interfaces let users select
points of interest over the shape and drag them in space to express
desired changes of dimensions [GW91,GKG*22,MB21,RMP*24,
CSQ*22].

Our work contributes to this category of methods by introduc-
ing a simple solution to perform drag-based editing of paramet-
ric implicit shape models represented either as procedural graphs
over implicit primitives [RMP*24] or as deep neural networks en-
coding implicit surfaces [PFS*19, LWJ*22, MSLJ23]. Such im-
plicit representations have witnessed renewed interest, both be-
cause they support simple boolean and blending operators for man-
ual creation [WGG99, Ado25] and because they behave well un-
der optimization for neural representations. Similarly to previous
work [MB21, RMP*24, YBP*24], we assume that we are given
parametric implicit models that have already been designed and
parametrized by experts, and we do not perform any kind of man-
ual or automatic parameter extraction [KJA*23]. Our contribution
builds on this setting by providing a framework that enables non-
expert users to manipulate these implicit models through direct ge-
ometric edits rather than manually tuning individual parameters.

The main challenge we address is the lack of surface parame-
terization for implicit models, which prevents the direct identifi-
cation of a point of interest before and after parameter updates.
Prior work proposed to track the dragged points explicitly using
custom mechanisms for procedural models [MB21, RMP*24] or
joint encoding of neural and point based representations for neu-
ral models [HAESB20]. In contrast, our key idea is to perform the
edit implicitly by optimizing the model parameters such that the
surface exhibits similar local characteristics at the start and end
point of the drag. We demonstrate how to apply this idea to both
procedural and neural parametric shapes by characterizing points
with differential quantities of the surface. We compute these quan-
tities from the first and second-order derivatives of the implicit sur-
face [Gol05], which are readily available for procedural and neural
models implemented in automatic differentiation frameworks. We
also leverage these differential quantities to offer users control over
the orientation and curvature of the dragged points (Fig. 1). Fur-
thermore, we demonstrate so-called floating constraints that allow

users to preserve the local characteristics of a point without having
to specify where this point should move—the point simply follows
the surface as it evolves due to other edits.

In summary, our contributions are:

1. A simple formulation for drag-based editing of parametric im-
plicit surfaces, irrespectively of their representation.

2. A set of constraints implemented within this formulation to offer
users control on the local position, orientation and curvature of
parametric implicit surfaces.

2. Related Work

Direct manipulation interfaces have a long history in computer
graphics, starting with the seminal work of Gleicher [Gle94] who
described how to optimize shape models subject to user-provided
constraints on the position and orientation of shape parts. This idea
has then been demonstrated on different types of shape represen-
tations. When dealing with a single shape, variational mesh edit-
ing lets users manipulate a few vertices and propagate the edits to
other vertices to best preserve differential quantities over the sur-
face [SCOL*04, NISA07, IMHO5, SSP07]. While we also seek to
preserve local differential quantities, we exploit these quantities to
control high-level parameters of implicit shape models rather than
low-level vertex positions. We also stress that we focus on interact-
ing with models that capture classes of shapes, which distinguishes
us from prior work on editing a single implicit surface by warp-
ing its scalar field [SWS10] or by fine-tuning its neural implicit
field [TMR23,RT25, YBHK21,BMR*26].

To be successful, a drag-based edit must bring the point selected
by the user to its desired location. Optimizing for this objective re-
quires a way to identify the point of interest on the shape before
and after parameter updates. Mesh-based parametric models offer
a trivial solution to this challenge by expressing the point of in-
terest with respect to vertex coordinates [GKG*22, CSQ*22]. But
this simple solution prevents the use of boolean operations that
can modify the mesh topology as parameters change. This solu-
tion also does not apply to implicit functions that lack explicit co-
ordinates over their level-sets. Michel et al. [MB21] and Riso et
al. [RMP™24] address this challenge for models composed of para-
metric primitives and operators by augmenting the corresponding
procedural graph with so-called co-parameters that uniquely iden-
tify the same point over all shape instances produced by the para-
metric model. While this mechanism offers an elegant solution for
tracking points in expert-designed parametric models, it requires
a custom parametrization for each type of primitive and operator
used. More importantly, the co-parameter strategy does not apply to
learned parametric models where the shapes are encoded within a
black-box neural network rather than a white-box procedural graph.

Other mechanisms have been proposed to manipulate neural
models. Umetani et al. first proposed to optimize shapes within a
compact latent space for drag-based edits [Umel7], or to improve
aerodynamism [UB18], but they rely on a quad mesh template to
obtain a consistent parameterization of all instances of the shape.
DualSDF [HAESB20] introduces a dual representation where the
shape is represented both as a neural network and as a dense set
of spheres. A shared latent space relates these two representations,
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so that users can edit the shape by dragging spheres, and these ethe same valué(qo; p) = 0 as any other point on the zero level-set,
its propagate to the neural implicit by optimizing the shared latent Eq. 1 has no incentive to bringrather than another pointtpi.e.,
code. Alternatively, Elsner et al. [EIQ2] enforce a Lipschitz-type it is insensitive to tangential displacement over the implicit sur-
constrain on the latent code of a neural model to favor the emer- face. Note that the formulation proposed by Berzins et al. [BIK23]
gence of a small set of point handles that can be manipulated ex-is similar (Eq.5 in their paper), except that they optimize for the
plicitly. Closer to our approach, Berzins et al. [BIK23] optimize normal displacement of the implicit eld rather than its value. An-
the parameters of a neural implicit to achieve a user-speci ed dis- other dif culty is that parametric shape models often exhibit redun-
placement of the implicit surface. They focus on normal displace- dancy in their parameter sets, such that multiple parameter values
ments as tangential displacements of an implicit surface are am-can minimize Eq. 1 yet produce different shapes.

biguous in the absence of a unique parameterization [SS11]. We . .
show that preserving differential properties of the surface, such as V& Propose to give users additional control on how the shape
evolves by augmenting the optimization with terms that favor some

curvature, offers a simple solution to perform displacements tan- i X g X
gential to the surface in areas where these properties are discrim-Solutions over others. Speci cally, we constrain the solution such
inative, i.e., at salient shape features (e.g. Fig. 9a). In the relatedthat the surface at the target poiriqr; q), exhibits similariocal

domain of neural image generation, DragGAN [PPB] identi- characteristicsas the surface at the source poiftino; p). Our key
es the same point across variations of an image by comparing insight is to leverage the dlff(_are_ntlabll_lty _of the |m_pI|C|t eld to
the deep features responsible for generating the corresponding pix-characterize the local shape via its derivatives. Leting denote
els. Similar drag-based editing tools have also been proposed forS0me differential quantities of the eldl, we express different con-
3D Gaussians, leveraging image diffusion models to preserve re-Straints by comparing these quantities at poiptandq via loss
alism [DW25, QCL 25]. While DragGAN's strategy might apply ~ (€rms of the form:

to neural representations of shape collections, it is not compatible Ec(g f(a:q):g9 f(do:p) : @)
with procedural graphs, since they don't rely on deep features for clg N4:q:g Hdop) -

surface generation. We instead propose to identify similar points \ye next describe different types of constraints implemented in this
across shape instances by comparing differential quantities that canmanner, Note that similar constraints have been described by Gle-
be computed on any differentiable implicit surface, being procedu- jcher [Gle94] (Chapter 8) for the direct manipulation of parametric
ral or neural. curves. Our originality is to demonstrate the simplicity and effec-

Finally, Yuan et al. describe an ef cient algorithm for differ-  tiveness of such constraints for the manipulatiorimoplicit sur-
entiable rendering of procedural CSG models [YB®], but us- faces for which the source and target points do not share an ex-
ing this algorithm for direct manipulation requires converting the PliCit parameterization. In this section, we illustrate the constraints
model to a 3D mesh, performing mesh-based edits using existing ©N 2D parametric distance elds that represent an emoji, modeled
software, and rendering the edited mesh from several viewpoints to@s & procedural implicit with 7 parameters, and a letter modeled

form target images for the differentiable rendering optimization. ~ as @ neural implicit with a 32-dimensional latent code. We provide
examples on more complex 3D models in Sec. 5.

3. Method . . . . . L=
Orientation constraints. Settingg to the normalized gradiemt

Preliminaries. We aim at enabling direct manipulation of a para- of f allows users to preserve surface orientation throughout the
metric shape model(q;x) that maps a set of parameter$o an drag:

implicit eld whose zero level-sef(q;x) = 0 delineates the shape

boundary. In what follows, we illustrate our approach on 2D and Eoient=1 r  f(quq) r  f(qo;p) 2; (3)

3D shapes, i.ex 2 R? orR®. Given a shape produced by some ini-

tial parameter valuego, users of our method select one or several Users can also add a rotation to the gradient if they want to tilt the

source pointg pg on the shape and transform thentaeget points ~ surface locally (Fig. 2):

f gg. Our goal is to solve for updated parameter valgtesuch that _ _ )

pointsf qg on shapef (qt; x) = 0 correspond to poinfspg on shape Erik=1 r f(aua) Rr  f(go;p) (4)
f(do;¥) = 0.

with R a rotation matrix.
A rst condition to satisfy the edits is that the implicit eld

should take the same values at the target pajrds it had at the

source points. For a given point paitp; ), this condition is en- Curvatu_re c_onstralnts. Recent work has shown how the curva-
couraged in a least-squares sense by solving for the parameter vallure of implicit elds can be leveraged for surface regularization
ues that minimize: [DXW 24, YPW 25, NSS 22, ZWB25] and other geometry pro-
) 2 cessing tasks [DWX25]. Inspired by this family of work, we con-
argminE_ (q) = f(a;0)  f(doip) ) strain curvature magnitudes to maintain local bumps and cavities at
G the edited points (Fig. 4). We follow Kindlmann et al. [KWTMO03]

which can be solved using gradient descent for differentiable im- to compute the principal curvature magnituttesandk, from the

plicit elds. This simple approach—which already exists in the gradient and Hessian df (see supplemental materials for deriva-
implicit modeling librarylibfive [Kee24]—is suf cient to dis- tion). Our constraint then compares the curvature magnitudes be-
place the boundary of the shape. But since the source psimares tween source and target points:
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Figure 2: In these examples, the user keeps the edited points in Figure 4: Optimizing only for the level-set term_Brings the up-

place but uses an orientation constraint to tilt the eyebrow (top)
and to make the letter italic (bottom).

Figure 3: The curvature constraint can be used to increase or de-
crease the curvature at a speci c point, here to make the emoji
smile (top) and the letter more rounded (bottom).

Ecuv= ki f(a:q) aki f(ao:p) ©
+ ky f(qua) akz f(qop)

The optional parameter allows to increase or decrease the tar-
get curvature, as shown in Fig. 3.

Floating constraints. The constraints we have presented so far re-
quire users to specify the target positipwhere the source poimt

per lip of the procedural emaji to the target point, but the shape of
the mouth changes signi cantly (top, a-b). Similarly, the level-set
term makes a serif appear on the neural letter “a” when dragging

a point to the right (botton, a-b). Adding the curvature terguf
opens the mouth yet keeps it smiling and makes the letter bold yet
keeps it sans-serif (c). Note that the optimization achieves a trade-
off between the user constraints when no parameter values can sat-
isfy them all.

Figure 5: Setting a oating curvature constraint in the concavity
of the squinting eye (orange dot) allows to preserve its shape even
though the eyes move slightly apart as the mouth opens.

Pin constraints. Finally, users can keep parts of a shape un-
changed by specifying the above constraints with pairs of points
that stay in place, i.e., setting= q (Fig. 6).

Summary. We combine the different constraints with Eq. 1 to ob-
tain our complete optimization problem:

argmin & EL()+ WeEc g f(aa)ig f(aoip) ;  (7)
G:;f X9 f p;og

which we solve using gradient descent, initializing the shape pa-
rametergy to g and the oating constraintkxg to the pointd pg

should move. Yet, users might want to preserve the local orientation at which the user wants to impose these constraints. MulEple

or curvature at a poinp while letting this point move freely. We
achieve this control—which we call aating constraint(Fig. 5)—
by treating the constraint positioras an optimization variable:

argminEc g f(qi;x);g9 f(do;p) : (6)

QX

terms can be imposed simultaneously on different pairs of points,
with the corresponding weightsc determining the relative in u-
ence of each type of constraint (we used a valuei@t 0:01 for

the results shown in this paper). Note that our approach assumes
that the implicit eld evolves smoothly during gradient descent,

© 2026 The Author(s).
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compute the new set of parameters using the Python/JAX backend
and send the parameters as uniforms to the GLSL shader for dis-
play. We use the Adam optimizer from JAX's optimization library
Optax, with 2000 iterations and no additional stopping criteria.

Neural implicit models. We model neural implicit elds using the
DeepSDF network architecture [PFI®], which we adapt to better
suit our context. Speci cally, we make the eld twice differentiable
by replacing the ReLU activation functions in the fully connected
layers with SIREN activations [SMEO0]. Furthermore, we follow
Liu et al. [LWJ 22] and incorporate their Lipschitz regularization
term in the training loss to encourage a smooth latent space. We
conducted experiments on 2D and 3D shapes. We display the 2D
distance elds by evaluating them over a grid in the Python/JAX
backend and sending that grid to the GLSL shader. For 3D distance
elds, we implemented sphere-tracing as a just-in-time compiled
Figure 6: A pin constraint (green dot) maintains the boundary in  process in the Python/JAX backend, which evaluates the 3D posi-
place as the user drags other parts of the shape. This constraint tions on the zero-level set and their corresponding normals accord-
allows to keep the eyebrow xed as the mouth changes (top) and ing to the current camera orientation. This information is stored into
to thicken the letter by pulling the boundary away from the pinned textures and passed to the GLSL frontend for shading and render-
point (bottom). ing on screen. The neural network needs to be evaluated multiple
times during sphere tracing, which increases the computational cost
and prevents real-time rendering. To improve visual feedback, we
such that neither the dragged points nor the oating constraints render the model at a lower resolution during user interactions (e.g.
jump abruptly to distant parts of the shape as the optimization pro- rotating or zooming the camera).

gresses. Also, a source point can only reach a target pointif theirre- o the 2D neural example, we built a custom image dataset con-
spective characteristics share parameters. These assumptions ho'ﬁsting of 140 black-and-white renderings of the letter “a” in vari-

for moderate displacements, while larger displacements need to beys fonts, centered within each image. We extracted the signed dis-

decomposed into smaller steps (Sec. 5). tance elds from the binary images using the Euclidean Distance
Transform from the SciPy library [VGQ0]. For the 3D neural
4. Implementation examples, we collected 540 and 818 meshes of tables and vases re-

spectively. We generated these meshes from 3D procedural models
“provided by GeoCode [PLF25], tailoring their dataset generation
. . ..~ script to our context by xing the discrete parameters to constants.
geDrforn; tre t(:]lversz ed_'tf efntahbledeby our agprogch. V\(hetn g?'t'ng Using GeoCode's procedural models allowed us to generate dense,
models, the endpoint ot the MOuSE drag IS projected from high-quality training sets that result in smooth latent spaces. We

the screen space to a plane p?“a”e' to the camera, '°°"?‘ted at th aried 12 continuous parameters for the table and 23 for the vase to
same depth as the selected point on the model. We provide screerg:apture signi cant shape variations

recordings of typical operations in the accompanying video.

We demonstrate our approach on both procedural and neural im
plicit surfaces. We have implemented a simple interactive tool to

The training procedure follows the same structure and hyperpa-
Procedural implicit models. We represent procedural implicit rameters as the original DeepSDF framework, using a latent code
models as trees of parametric signed distance elds. We have im- of 32 dimensions. We generate for each shape a set of training sam-
plemented one 2D model (emoji, parameterized as an interpolationples(p; d), wherep is the point location and is the corresponding
over 7 key facial expressions) and four 3D models with different ground truth distance to the zero-level set. Following DeepSDF's
numbers of parameters (6 for the ower, 11 for the cup and for the training strategy, we sample more points near the zero level-set of
snowman, 20 for the house, see supplemental materials for descrip-each shape and fewer points in the interior and exterior regions, and
tion of the trees and their parameters). Note that in addition to stan- train each neural model for 2R@pochs using two different Adam
dard CSG boolean operators, the house, ower, snowman and emojioptimizers for the model weights and the latent codes.
models include differentiable parametrized warping operations,
such as bends, twists, smooth booleans and interpolations to il-
lustrate more general function-based modeling [PASS95,WGG99].
The trees are built at runtime using operator overloading in Python. Procedural and neural models. In addition to Fig. 2 to 6 that il-
The tree doubles as an abstract syntax tree for a GLSL code generalustrate edits on 2D procedural and neural models, Fig. 1 and 9
tor, which allows us to create sphere-tracing GPU kernels to render show different types of edits on 3D procedural models, and Fig. 10
the resulting shapes. For optimization, we implemented pointwise shows similar edits on neural models. In several cases, we compare
evaluation of the trees in JAX [BFH.8], which allows computa- our results using the curvature tefa,, to results obtained using
tion of derivatives (in our case, gradients and Hessians) using au-only the simple level-set terf , which emulates the drag-based
tomatic differentiation. For each user interaction, we optimize and direct editing feature of the software librdiyfive [Kee24]. As

5. Results
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Figure 8: The optimization can fail to progress when the point to

drag is too far from its target. In this example (a), the target point is

not in uenced by the rounded corner, which prevents the curvature
Figure 7: The house model has 20 parameters, including bend- term to have any effect. Instead, the level-set term attracts the top
ing and twisting (a). Dragging a point of the facade downwards boundary of the shape. The optimization succeeds when the target
does not produce the intended bending, the optimization prefers topoint is suf ciently close to the source point, such that they are
thicken the house to bring the facade to the target (b-c). A tilt con- in uenced by the same parameters (b-c). Note that we used both
straint is more effective to control bending (d). the curvature term gy, and the orientation term &jent to drag a

speci ¢ point of the circular arc.

noted by Riso et al. [RMP24], this term is not capable of distin-

guishing displacements tangential to the surface, as is also the cas@ence, possibly because gradient descent continues to update the
for the normal displacement term used by Berzins et al. [BIK23]. constraint position for marginal improvement on the loss.

We observe this limitation in Fig. 9(a, center). In contrast, our cur-

vature term allows to distinguish the source and target points in this Limitations. The simplicity of our approach hinges on the as-
case (Fig. 9a, right). sumption that the shape evolves smoothly as the parameters are

continuously updated. Fortunately, procedural models are often de-

Fig. 7 illustrates a challenging edit on a more complex proce- sjgned to react smoothly to small parameter changes, a necessary
dural model (house, 20 parameters), inspired by the model shownqndition to make the parameters easy to adjust by end users. This
by Riso et al. [RMP24] (see Fig. 11 in their paper). Attempting  need for continuity is also the motivation for the Lipschitz regular-
to bend the house forward by dragging a point of the facade only jzation of neural models [LW.22], from which we bene t.
works partially because another point of the facade reaches the tar-
get and satis es the level-set teff before the intended bending
is achieved. Adding an orientation tefeg;; allows to obtain a sim-
ilar result as shown by Riso et al. in their paper.

Our implicit method assumes that the source and target points
share some parameters, such that gradient descent can continuously
update these parameters from source to target. Fig. 8(a) illustrates
a typical failure case where this assumption is violated because the

These results took between less than a second to a few secondgarget point is on a at part that is not in uenced by the rounded
to converge. We believe that our method could be accelerated bycorner on which the source point lies, preventing the target to have
replacing JAX computation with a custom GPU kernel. Note also any effect on the curvature term in the optimization. A workaround
that JAX incurs an additional cost of several seconds to compile the g this limitation consists in decomposing the desired edit into a
functions the rst time they are called. succession of smaller steps (Fig. 8 b-c). Generally, the outcome of

an editis inherently in uenced by the underlying parameterization.
Floating constraints. Fig. 9(b,d) demonstrates the power of our while our optimization explicitly searches for a solution that re-
oating constraints, which stick to the convex edge of the cup and spects both the level-set objective and the selected geometric local
the concave neck of the snowman to maintain their curvature as properties, the desired edit can only be achieved if a suitable pa-
other parts are changed. These two results illustrate typical chal-rameter assignment exists in the parameter space. Otherwise, the

lenges raised by parametric shape models. On the one hand, thgptimization converges to the closest feasible solution.
multiple parameters of the cup make drag edits ambiguous; our

orientation and curvature constraints serve to clarify the user in-

tent. On the other hand, we designed the snowman to illustrate '[hatzm(,mﬂ_1 at theh.pomt (,)f interest for Comdpu“”g rgt ar.1dlsechond
dragging a single part will not necessarily drag the entire model if 9€"vatives. This requirement prevents dragging in nitely sharp

the model parameterization is poor. A oating constraint allows the features, such as the edge of a perfect cube. Note that such sharp

user to keep the parts attached, thus correctly performing a translafeatures cannot occur with neural models implemented with SIREN

tion of the entire model. Fig. 10(d) shows a similar edit on a neural activation functions [SMB20]. For procedural models, a solution

model, where the thickness and rounded shape of the table top isconsists in using slightly rounded primitives, as for the edge of the
better preserved by adding a oating constraint cup in Fig. 9(b). One can even resort to rounded primitives for op-
' timization while keeping sharp primitives for display.

Finally, our approach requires that the shape is suf ciently

In theory, oating curvature constraints are free to navigate over
the surface along paths of constant curvature. For example, the
oating constraints in Fig. 9(b,d) could turn around the edge of
the cup or the neck of the snowman. In practice, we only observed Implicit surfaces have gained revived interest for representing
this behavior when we let the optimization run beyond conver- classes of shapes procedurally or as deep neural networks. Com-

6. Conclusion
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plementary to prior work that leverages the gradient and Hessian[DXW 24]

of the implicit eld to regularize shape reconstruction, we show

how these differential quantities can be used as handles for editing

parametric implicit surfaces, offering users similar control as di-
rect manipulation interfaces originally developed for explicit shape
representations.

Future Work. While we demonstrated our approach on tree-based

procedural implicit models, it could apply to other implicit repre-
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ters. The constraints we have presented in Sec. 3 only characteriz

the surface in the immediate vicinity of the points of interest. While
this behavior proves suf cient for the relatively smooth models we

tematic review of the state of the arACM Computing Surveys 58
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Automatic differentiable procedural modelinGomputer Graphics Fo-
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experimented with, future work could extend our approach by mea- [Gleg94] GLEICHER M.: A Differential Approach to Graphical Interac-

suring differential quantities at multiple scales to discriminate high-
frequency details from the overall low-frequency shape [MGH.
Recent work on neural eld ltering allows to compute such a scale
space [MNT 24,YMR 25], but performing the equivalent Itering
on procedural implicit elds remains an open challenge.
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Figure 9: Results of our method on procedural parametric shape models. (a) Attempting to move the flower petal tangentially to its surface
does not produce any change when using only the level-set term. Adding the curvature term makes the flower rotate to follow the drag. (b)
The cup can vary in width and thickness. Setting a floating curvature constraint on its edge allows to maintain its thickness. (c) Similarly,
the hat of the snowman can vary in radius and in tilt angle. Dragging a point of the hat outward using the level-set term increases its radius.
Using the curvature term tilts the hat to keep the radius unchanged, but also lowers the head of the snowman. Adding a pin constraint on
the neck keeps the head at the same height. (d) The creator of the snowman model did not constrain the body to stay attached to the head.
Adding a floating curvature constraint on the neck allows the user to keep the head attached when translating the body down.

o(~) &

Figure 10: Results of our method on neural shape models. (a) In addition to disambiguating drag-based edits, our curvature term can also
be used to achieve a target curvature, here to change the top part of the vase from convex to concave. (b) The orientation constraint offers
local control to tilt the surface near the edge of the vase. (c) Dragging a point on the foot of the table using the level-set term increases the
foot radius but introduces a discontinuity in its profile. Adding the curvature term allows to enlarge the foot while preserving its profile. (d)
Attempting to raise the table by dragging a point on its top triggers a change of its shape, making the top thicker and rectangular. Adding a
floating curvature constraint along the top edge better preserves its shape.

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.



