Residual Primitive Fitting of 3D Shapes with SuperFrusta
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Figure 1. (Left) Primitive assemblies inferred by our method capture a wide range of shapes, including hollow forms (vase), curved toroidal
parts (bike), intricate geometry (ladder, robot), and smooth organic shapes (crab). (Right) Our approach shifts the reconstruction—parsimony
Pareto frontier: compared to state-of-the-art methods, Marching Primitives [18] (MPS) and Primitive Anything [45] (PA), we achieve
markedly lower reconstruction error using significantly fewer primitives.

Abstract

We introduce a framework for converting 3D shapes into
compact and editable assemblies of analytic primitives, di-
rectly addressing the persistent trade-off between recon-
struction fidelity and parsimony. Our approach combines
two key contributions: a novel primitive, termed SuperFrus-
tum, and an iterative fiting algorithm, Residual Primitive
Fitting (ResFit). SuperFrustum is an analytical primitive
that is simultaneously (1) expressive, being able to model
various common solids such as cylinders, spheres, cones &
their tapered and bent forms, (2) editable, being compactly
parameterized with 8 parameters, and (3) optimizable, with
a sign distance field differentiable w.r.t. its parameters al-
most everywhere. ResFit is an unsupervised procedure that
interleaves global shape analysis with local optimization,
iteratively fitting primitives to the unexplained residual of
a shape to discover a parsimonious yet accurate decompo-
sitions for each input shape. On diverse 3D benchmarks,
our method achieves state-of-the-art results, improving loU
by over 9 points while using nearly half as many primitives
as prior work. The resulting assemblies bridge the gap be-
tween dense 3D data and human-controllable design, pro-

ducing high-fidelity and editable shape programs.

1. Introduction

Recent breakthroughs in 3D generation have enabled the
creation of high-quality assets from simple prompts [15,
38]. However, while visually impressive, these outputs are
often structurally unorganized, posing challenges for down-
stream applications like animation, rigging, and interactive
editing. Primitive-based representations offer a compelling
alternative by distilling complex geometry into a compact
assembly of interpretable, analytic parts. This approach
yields editable assets and aligns with cognitive findings
that humans perceive objects as compositions of simpler
forms [3], providing a structured understanding that dense
representations lack. The central challenge is converting
these unstructured 3D assets into meaningful, primitive-
based designs.

Inferring a primitive assembly from a raw 3D shape,
however, presents a fundamental trade-off between recon-
struction fidelity and program parsimony. Approaches that
prioritize high fidelity often yield dense, redundant assem-
blies of overlapping primitives [1, 4, 8, 27, 34]. Conversely,
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Figure 2. SuperFrustum— An Expressive, Compact & Differentiable Primitive. SuperFrustum is a unified analytic SDF primitive
with only 8 parameters controlling dilation, taper, bulge, onion-like hollowing, profile roundness, and axial scaling. Its SDF is C°-
continuous and fully differentiable (almost eveywhere) with respect to all parameters, enabling robust inverse modeling and gradient-based
optimization. As shown on the right, these parameters allow a single formulation to morph smoothly across common solids—cuboids,
cylinders, cones, spheres, and toroidal variants—and to produce more complex shapes such as bent, hollow, or smoothly capped forms.

methods that enforce parsimony may fail to capture fine ge-
ometric details or curved structures [18, 26, 39]. Achieving
a representation that is simultaneously expressive, compact,
and editable remains an open challenge.

This persistent trade-off can be attributed to two factors.
First, commonly used primitive families such as cuboids,
superquadrics, or ellipsoids [2] may require a large num-
ber of instances to model the rich shape variations in 3D
assets. Second, the inference procedures themselves have
distinct limitations. Methods that first commit to a com-
plete segmentation of the input rely on a fixed partition that
may not align with what the primitives can efficiently repre-
sent [19, 35, 40, 49]. This makes the process brittle, as any
initial segmentation errors propagate directly to the final as-
sembly. On the other hand, optimization-driven approaches
that fit a large ’soup” of primitives from scratch must navi-
gate a highly non-convex loss landscape [4, 28, 36].

To address these limitations, we introduce a framework
that marries a highly expressive primitive with a robust in-
ference strategy. At the core of our approach is the SU-
PERFRUSTUM, an analytic primitive that fills a key gap in
prior work: existing primitive families typically satisfy only
one or two of the critical desiderata—expressivity, editabil-
ity, and optimizability. In contrast, SuperFrustum (1) spans
common solids such as cylinders, cones, spheres, and their
tapered or bent variants; (2) is compactly parameterized
with just 8 parameters; and (3) admits a signed-distance
field that is differentiable with respect to all parameters, en-
abling smooth blending and effective inverse modeling. In-
triguingly, its design builds on analytic functions uncovered
by the Shadertoy and Demoscene communities in their pur-
suit of highly expressive analytic forms with minimal de-
scription length [22-24, 29]. We find that, when carefully
adapted, these formulations are exceptionally well-suited
for inverse modeling.

To achieve parsimonious assemblies, an expressive prim-
itive must be paired with an equally effective inference al-
gorithm. We propose RESIDUAL PRIMITIVE FITTING
(RESFIT), an unsupervised procedure that tightly inter-
leaves global shape analysis with local primitive optimiza-
tion to better navigate the highly non-convex reconstruction
loss. Instead of optimizing a large set of primitives jointly
from scratch, ResFit first analyzes the input geometry to
propose initial structures based on global cues. These prim-
itives are then refined via gradient descent to conform to the
local geometry. The resulting assembly is subtracted from
the target shape, and the process repeats on the unexplained
residual. By alternating between proposing global structure
and optimizing local parameters, ResFit allows these two
signals to mutually inform each other, producing assemblies
that are both compact and high-fidelity.

Our approach sets a new state-of-the-art on diverse
3D benchmarks. It consistently produces higher-fidelity
reconstructions—improving IoU by over 9 points—while
using nearly half the primitives of prior work, demonstrat-
ing a fundamental shift in the fidelity-parsimony frontier.
These results are enabled by our two primary contributions:

1. The SuperFrustum: A single compact analytic prim-
itive that spans a wide range of canonical volumetric
forms while remaining differentiable and suitable for
gradient-based optimization.

2. Residual Primitive Fitting (ResFit): An unsupervised
inference procedure that alternates between global shape
analysis and local primitive optimization to produce
compact and accurate assemblies.

Beyond reconstruction, we demonstrate how this frame-
work enables downstream applications including the gen-
eration of editable assets, the inference of structured CSG
programs, and the enrichment of semantic part segmenta-
tions. Code will be open-sourced upon acceptance.



2. Related Works

Inferring primitive assemblies. Existing approaches fall
into three main categories. Shape-analysis—driven meth-
ods [19, 35, 39, 40, 49] partition a shape into regions us-
ing geometric cues—such as curvature, thickness, or con-
vexity—and then t primitives to these regions. They pro-
duce structurally coherent decompositions when the parti-
tions match the primitive family, but are often brittle across
diverse shapes and sensitive to tuning. Since the decompo-
sition is xed and independent of what the primitives can
represent, these methods struggle to balance delity and
compactness. Optimization-driven methods directly adjust
primitive parameters to minimize reconstruction error for a
target shape [18, 28] or its renders [21]. While effective

on small assemblies, they often require many primitives for gjgyre 3. ResFit infers parsimonious assemblies by interleaving
high delity, as reconstruction loss tends to dominate dis- shape analysis and primitive optimization. Shape decomposition
entanglement and parsimony without strong initialization. provides initial primitives, which are re ned with decomposition-
Learned methods predict primitive parameters or part lay- aware optimization. Residual unexplained volumes are then ex-
outs using neural networks. Some methods train the net-tracted and seeded with new primitives.

work on supervised data [10, 13, 20, 45] while others for-

mulate unsupervised reconstruction-based objectives to in- o ) )
fer the assemblies [4-6, 8, 11, 25-27, 32, 41, 50]. SuchSha_pe space and demonfstratlng its effectiveness for high-
models achieve high reconstruction accuracy on domains 9elity primitive assembly inference.

similar to their training data but generalize poorly to novel

or complex objects. 3. Method

Our approach combines the strengths of analysis- andyye ge ne the primitive assembly inference task as follows:
optimization-driven paradigms: rather than committing to given a 3D shape x, our goal is to infer a primitive assembly

a single decomposition or a xed primitive set, we inter- 5 c,mposeqd of analytic primitives whose execution E(z)

leave analysis and optimization so that each informs the o.onstructs the input shape. Each program z de nes a se-

other. This bidirectional formulation adapts the decomposi- N izj : .
quence of primitives ff, g2, combined through composi-

tion to the representational capacity of the primitives, PO tional operators to yield a closed surface E(z). Following

S;I(I;)I/nf%i?r?; (lamblles that remain both compact and geomem_Occam‘s razor, we seek programs that are both accurate and

L . . . compact. Formally, we aim to maximize the following ob-
Primitive representations.  Primitive design has pro- P Y 9

. . } jective:
gressed from simple analytic forms to more expressive but
increasingly complex parameterizations. Early methods
used cuboids or cylinders [8, 36], which are interpretable
but limited in expressivity. Superquadrics [2, 7, 26] and al- O(x;z) =R(X;E(2)) jzj; )
gebraic surfaces [44] enlarge the shape space but sacri ce
editability and cannot exactly reproduce canonical solids where R measures the reconstruction accuracy between the
such as cubes or cones—common in manufactured objectsinput shape x and the program execution E(z), jzj denotes
Recent generalized-cylinder—based primitives [31, 48] in- the program complexity (or number of primitives in the pro-
crease exibility yet still fall short in reconstruction delity.  gram), and controls the trade-off between accuracy and
Neural implicit part representations [8, 9, 27, 43] offer high compactness. Maximizing O thus favors concise programs
expressivity but are opaque, costly, and dif cult to control that explain the geometry with a small set of expressive
or reuse. parts.

In parallel, the graphics and demoscene communities We now summarize the components of our method.
have explored uni ed analytic primitives that morph be- Section 3.1 introduces ResFit, our iterative tting proce-
tween basic shapes within a single functional form [22— dure. Section 3.2 de nes SuperFrustum, the uni ed analytic
24, 29]. These formulations were developed to minimize primitive used in all assemblies. Section 3.3 describes our
scene-description size and enable real-time rendering, noMSD-based initialization strategy, and Section 3.4 details
for inverse modeling or differentiable tting. SuperFrustum the optimization process that balances geometric delity
draws inspiration from this work, extending it to a broader with parsimony.

z =argmax O(X;z); Q)
z
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