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Fig. 1: Our method takes as few as three RGB images from disparate views and abstracts a tex-
tured 3D shape formed by a union of convex parts that well reflect the shape semantics. With a
differentiable primitive assembly subject to only image-space losses, our network is trained with-
out 3D supervision. With the meaningful parts abstracted, the resulting shape can be edited.

Abstract. We present a differentiable rendering framework to learn structured
3D abstractions in the form of primitive assemblies from sparse RGB images
capturing a 3D object. By leveraging differentiable volume rendering, our method
does not require 3D supervision. Architecturally, our network follows the general
pipeline of an image-conditioned neural radiance field (NeRF) exemplified by
pixelNeRF for color prediction. As our core contribution, we introduce differen-
tial primitive assembly (DPA) into NeRF to output a 3D occupancy field in place
of density prediction, where the predicted occupancies serve as opacity values
for volume rendering. Our network, coined DPA-Net, produces a union of con-
vexes, each as an intersection of convex quadric primitives, to approximate the
target 3D object, subject to an abstraction loss and a masking loss, both defined in
the image space upon volume rendering. With test-time adaptation and additional
sampling and loss designs aimed at improving the accuracy and compactness
of the obtained assemblies, our method demonstrates superior performance over
state-of-the-art alternatives for 3D primitive abstraction from sparse views.

1 Introduction

3D reasoning, e.g., abstraction or reconstruction, from single or multi-view images is
one of the most fundamental problems in computer vision. With the recent emergence
of neural fields [48]], especially neural radiance fields (NeRF) and 3D Gaussian
splatting [20], rapid advances have been made in 3D reconstruction quality, speed, and
the ability to take on sparse [251/46]/53/[56] rather than dense input views as in earlier
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Fig.2: Overview of DPA-Net. Given a sparse set of input RGB images whose viewpoints can
be significantly different, our network is trained to predict a 3D primitive assembly, i.e., a 3D
abstraction, via differentiable volume rendering without 3D supervision. The high-level network
architecture resembles that of an image-conditioned NeRF such as pixelNeRF for color
prediction from multi-scale image features. What is new is that the density estimation in NeRF
is replaced by our novel differentiable primitive assembly (DPA). DPA takes as input multi-view
image features from ResNet that are fused into a shape feature via weighted pooling. The shape
feature is further passed into an MLP (the primitive decoder) to predict the parameters of a set
of convex quadric primitives. 3D query points and the primitives are assembled by two CSG-
based assembly layers (intersection and then union) to predict point occupancies, which serve as
opacity values for both volume rendering and for predicting an image mask. An RGB loss and a
masking loss are calculated against the input images and object masks. Note that we assume that
the camera poses and object masks are either provided or estimated prior to our 3D abstraction.

works. However, by design, NeRF and most of its variants target novel view synthesis
with a focus on optimizing their primitives to improve rendering performances, rather
than serving downstream tasks involving shape modeling or manipulation.

Higher-level primitives than points and Gaussian splats are more suited to model
shape structures [27], facilitating structure-level analysis and synthesis tasks such as
semantic labeling, interactive shape editing, assembly-based modeling, and visual pro-
gram induction [4]. Recently, several methods have been proposed for CAD modeling
by learning primitive assemblies such as constructive solid geometry (CSG) trees [8]
[18]541/55]], sketch-n-extrude models [22]], or shape programs [11}[17]. However, these
neural models all take 3D inputs such as voxels and point clouds.

In this paper, we introduce a learning framework which outputs a 3D abstraction,
in the form of a primitive assembly, from a small number of RGB images capturing
a 3D object. Importantly, the sparse input images are not only few in number, i.e., as
few as three, but also disparate [46]], meaning that the viewpoints may be significantly
different; see Fig. [T} In addition to tackling this challenge, our method also does not
require 3D supervision for the multi-view 3D abstraction. It resorts to differentiable
rendering of the assembled 3D primitives to define image-space abstraction losses.
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Architecturally, our network follows the general pipeline of an image-conditioned
NeRF (see Fig.2), such as pixelNeRF [53]. In addition to 3D positions and camera ray
information, we incorporate multi-scale image features from a ResNet [12]] encoder ap-
plied to a training set for differentiable rendering, enabling generalization across scenes.

Our new and core contribution is the introduction of differential primitive assembly
(DPA) into the NeRF framework to output a 3D occupancy field in place of density
prediction, so that the predicted occupancies would serve as opacity values for volume
rendering. Specifically, our network, coined DPA-Net, produces a union of convexes,
each as an intersection of convex quadric primitives, to approximate the target 3D ob-
ject. The entire process requires no 3D models for supervision; it takes fused multi-view
image features as well as NeRF inputs to predict parameters for the CSG primitive as-
sembly and the occupancy field, subject to an abstraction loss (named as RGB loss in
Fig.|2) and a masking loss, both defined in the image space upon volume rendering.

Furthermore, the abstraction of clean and structurally accurate primitive assemblies
from sparse views offers several special challenges. To address them, we incorporate
three enhancements: a) a primitive dropout scheme to improve compactness of the as-
sembly; b) an adaptive point sampling to assist in the recovery of thin structures; and c)
an additional penalty to discourage primitive overlap.

To assess our method, we train it on multi-view projections of 3D models from
ShapeNet [3]] as well as real images from the DTU dataset [15] for sparse-view ab-
straction. We conduct qualitative and quantitative evaluations, ablation studies, as well
as comparisons to state-of-the-art alternatives for 3D primitive abstraction from sparse-
view images, demonstrating superior performance of DPA-Net. The applications further
demonstrate that users can easily edit our 3D abstraction results in popular CAD soft-
wares, e.g., MeshLab [[7] and OpenSCAD [42]. The editable abstractions can serve as
structural prompts and benefit other 3D generation tasks [5,40].

2 Related Works

The literature on multi-view 3D reasoning and representation learning of 3D structures
and abstractions is vast. In this section, we focus on prior works that are closely related
to our DPA approach, especially those designed to handle sparse input views.

2.1 Multi-view 3D reconstruction

NeRF [26], most of its variants, and other multi-view neural 3D reconstruction meth-
ods have been designed for dense views [48]], but there are exceptions. SparseNeUS [25]]
can take on input views that are few in number, but close-by, whereas VolRecon [39]
improves the reconstruction quality with additional ground-truth (GT) depth maps as
supervision. Fewer methods have been designed to handle sparse and disparate views.
In particular, FvOR [52]] jointly solves for camera poses and 3D geometry while requir-
ing GT 3D shapes to supervise. FORGE [16]] improves FvOR by leveraging cross-view
correlation, while using 2D images as supervision. Most recently, DiViNet [46] learns
Gaussian surface priors, called neural templates, during training. At test times, it applies
these templates as anchors to help stitch the surfaces over sparse regions. While FORGE
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and DiViNet both employ differentiable volume rendering as in our approach, their re-
sults are neither compact, in terms of primitive/Gaussian counts, nor well-structured to
reflect shape semantics, as in the primitive assemblies obtained by our work.

As described above, our network architecture resembles that of pixelNeRF [53]],
which is an early and representative method for generalizable (i.e., not an overfit model)
NeRF prediction from very few input views. Since then, there have been more re-
cent works for sparse-view NeRFs, e.g., IBRNet [47]], RegNeRF [31]], depth-supervised
NeRF [10]], FreeNeRF [51]], SPARF [44], including those designed to handle single-
view images, e.g., Pix2NeRF [2] and Zero-1-to-3 [23]]. Comparing abstraction results
from DPA-Net and those of pixelNeRF, we observe that their overall accuracies are
comparable, but when the textures are removed, the mesh surfaces obtained from pix-
elNeRF results are quite noisy. It is important to note that our work is not intended to
outperform all state-of-the-art methods on sparse-view 3D reconstruction in terms of
reconstruction quality. Foremost, we target neural 3D primitive assembly/abstraction
while aiming to achieve a high reconstruction quality. For reference, we compare DPA-
Net to both pixeINeRF and DiViNeT in Section 5]

2.2 Learning 3D structures and abstractions

The dominant majority of prior works on learning 3D shape structures [4] take on 3D in-
puts, e.g., voxel grids, polygonal meshes, point clouds. This is also true for 3D abstrac-
tions designed for a variety of primitives such as cuboids [45]], super quadrics [24,37],
and convexes [|6,9]. Among them, EMS (for Expectation, Maximization, and Switch-
ing) is a probabilistic method to recover superquadrics from point clouds, which can be
obtained from pure image inputs via multi-view stereo (MVS). Hence, it is chosen as a
baseline to evaluation our method in Section [3

Most relevant to our approach are the series of works on unsupervised learning of
CSG assemblies, including UCSG [18]], CAPRI-Net [55]], CSG-Stump [8]], and most
recently, D2CSG [54], all of which optimize a CSG tree from 3D inputs. Our quadric-
based primitive assembly is built on CAPRI-Net [55]], with our core contribution being
to integrate it with differential volume rendering for DPA from few and disparate views.

Earlier works on structured CAD modeling or abstraction from images [/13}/14//49] or
sketches [50] all require 3D models to either form a repository for shape/part retrieval
or serve as training data for supervised learning. Im2Struct [33]] recovers 3D shape
structures, in the form of a cuboid assembly, from a single RGB image. Binary object
masks were also used as an auxiliary signal to assist in the structure recovery from in-
put images, where the latter was trained with ground-truth 3D cuboid assemblies. Also
requires 3D models for training, StructureNet [28]] jointly embeds 3D cuboid represen-
tations and images into a common latent space to allow 3D cuboid abstractions from
images. With 3D supervision, BSP-Net [6] is able to predict a plane assembly from
single-view RGB images. Furthermore, RIM-Net [34] and [35]] learn hierarchical part
decompositions under 3D reconstruction supervision.

To our knowledge, only three very recent works [[1,[29,/43]] have attempted 3D prim-
itive abstraction from RGB images without 3D supervision. PartNeRF [43] learns a 3D
primitive abstraction using ellipsoids, targeting 3D shape generation rather than recon-
struction. Their use of ellipsoidal primitives also limits the method’s ability to learn
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a meaningful part decomposition. For example, the top of a table is always split into
multiple parts. ISCO [1] optimizes parameters for 3D superquadrics to recompose an
object directly from 2D views, where the rendering loss is defined with respect to 2D
image silhouettes. On few input views, e.g., four, their abstraction results were admit-
tedly “poor”’; see Section 4.2 of their paper. Since there is no published code by ISCO,
we mainly compare our method with Differentiable Blocks World (DBW) [29]], which
can produce textured superquadric meshes. Overall, their results are compact, i.e., with
few primitives, but the abstraction errors are relatively high.

3 Approach

Given a small number of RGB images depicting a single object from disparate cam-
era views, our goal is to learn a 3D shape abstraction assembled from a set of simple
geometric primitives (quadrics in this paper). We assume that the camera parameters
and object mask for each view are known or pre-estimated. The cameras exhibit wide
baselines and the number of images is typically less than six.

Our method does not require any 3D supervision such as GT primitive decomposi-
tions. The differentiable primitive assembly facilitates volume rendering and is trained
with image-space losses only, as shown in Fig. 2]

3.1 Feature extraction and aggregation

For each input image, we employ ResNet34 [12] as the feature encoder and alter its final
linear layer to output a 256-dimensional feature vector. We then utilize the weighted
pooling proposed in [47]] to obtain an aggregated feature f € R2%® from multi-view
images. In practice, the weights are computed with a shared single-layer multi-layer-
perceptron (MLP) followed by a softmax function.

3.2 Primitive assembly

Inspired by the state-of-the-art (SOTA) 3D primitive representation CAPRI-Net [55],
we model a 3D shape as the assembly of a set of quadric primitives using differentiable
intersection and union operations. This step takes in the fused image feature f and a
set of query points evenly sampled from camera rays as in NeRF [26], and predicts
primitive parameters and an occupancy field of the shape—whether a query point is
inside or outside the shape. It is noteworthy that our intersection and union operations
are adopted from [|6,55]]; we briefly discuss them here for completeness.

Primitive parameterization: We define a quadric primitive as: |a|z? + |by? + |c[2? +
dx + ey + fz+ g = 0, where (z,y, 2) is a query point and (a, b, ¢,d, e, f, g) are the
primitive parameters. We enforce the first three parameters to be non-negative to include
convex quadric primitives only. Denote the number of primitives as P, we obtain a
matrix P € R”*7 by stacking all primitive parameters. Then a 2-layer MLP is applied
to infer P from the fused feature f. We set P = 4,096 in this paper and please refer to
the supplementary for an ablation study.
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Define matrix Q whose ith row (27, y2, 22, 7, y;, 2, 1) is computed from the ith
query point (z;, ¥;, z;). With N query points, we estimate an N x P matrix D = QP T,
where D; ;, denotes the approximate signed distance between the ith point and the pth
primitive. We have D; ,, < 0 if point ¢ is inside the primitive and D; ;,, > 0 if outside.

Primitive intersection: We adaptively group the P quadric primitives into C' = 256
convexes. Our goal is to check whether a query point is inside any convex. To this end,
we utilize a learnable selection matrix T € RP > Ideally, T is binary, but may take
floating-point values in [0, 1] depending on the training phase; see Sec. Each col-
umn in T selects a subset of primitives whose intersection forms one of the C' convexes.
In practice, we calculate an N x C matrix O = ReLU(D)T, with the ReLU function.
We set O; . = 0 if the ith point is inside the cth convex, and O; . > 0 if outside.

Union of convexes: We further group the convexes to form the final 3D shape, checking
whether a query point is inside this shape (i.e., the occupancies). We attain this with a
min-pooling among all convexes for the ith point, analogous to the union in CSG:

. =0 inside,
a = min O, ) (1)
1<e<C > (0 outside,
where a* € R¥ denotes the occupancy field. In practice, a soft approximation is calcu-
lated for better gradient flow:

c ..
=1 = inside
at =% Z(1-0; ’ 2
! ; weZ ( ice) <1 = outside, @

where w € R is a learnable weight vector with elements close to 1 and .#() a function
that clips its input to the range [0, 1]. Notice that aj also corresponds to the opacity
value in volume rendering [26}39]. Refer to the supplementary for examples of the
learned primitives and convex shapes.

3.3 Differentiable rendering

We follow pixelNeRF [53]] to compute the color for each query point. We use the same
network specification, except we remove the volume density prediction branch. Specif-
ically, given a pixel in an input view, we obtain the RGB color € of each query point
along the corresponding ray using MLPs. The inputs include the 3D position, ray direc-
tion, and image features projected from all views.

By accumulating over all query points 7 along that ray, we render the color at the
given pixel as: C = ) ;" t;c;C;, where R is the number of sampled points along the
ray, «; denotes the opacity which takes on different values at different phases of the
optimization (see Sec. , and t; = 2;11(1 — «y,) is the accumulated transmittance.

We also render the object mask value as M = 219:1 ;0.

3.4 Network training and test-time adaptation

Similar to [25,|39,/53]], DPA-Net can work in a feed-forward fashion by training on a
dataset including sparse-view images. We also propose a multi-phase test-time adapta-
tion for instance-specific refinement during inference.
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Pretraining: Our loss function consists of three terms:

EZEph+£T+Lwa (3)
1 B 2 1 By~ 9
L =5 22 [[€ = €], + 5 XM - na @
j=1 j=1
Lr =Y max(—T;;,0) + max(T; ; — 1,0), (5)
X
Ly=> |w;—1], (6)
j

where L, including an abstraction loss and a mask loss enforces photo consistency, B
is #pixels in a training batch, and C and M denote GT color and mask, respectively.
We define the opacity & = a™ from Eq.. LT keeps entries of the selection matrix
T within range [0,1]. Ly ensures that entries of the weight vector w close to 1. All
training instances share the same T and w.

Test-time adaptation (TTA): We have found that DPA-Net trained on a generic dataset
risks suboptimal performance when applied to novel shapes which deviate substantially
from the training data. For example, assembling each 3D object requires unique matri-
ces T and w tailored to that instance. To improve generalization, we propose a test-time
adaptation that operates in three phases with different configurations as shown in Ta-
ble[I] Each phase is initialized from its preceding phase.

Phase 1: The same as pretraining except that the input test images are used as GT.
Phase 2: Instead of using the approximated occupancy field a*, we opt to employ the
exact definition a* to further improve the abstraction performance. The loss function
becomes L, + L, whereas Ly, is omitted since a* is devoid of w as in Eq.. We
set the opacity o = exp (—10a*).

Phase 3: Ideally, the selection matrix T should be binary to exactly mimic the operation
of quadric primitive intersection. To ensure that, we follow [6L/55] to binarize T with
a threshold of 0.01 and freeze it at this phase. We then fine-tune the network with two
loss terms: the photo-consistency term £, and an additional regularization term Ly,
that discourages excessive overlap between convex shapes.

Overlapping loss: As observed in [29,|36], it is non-trivial to explicitly calculate and
penalize area overlaps. Instead, we constrain points lying inside overlapped areas. Con-
cretely, we define h; = chzl exp (—100; ) for the ith point, where h; is large if the
point lies within multiple convexes. We minimize L,ye, = ﬁ > icomax(h;, 1.9),
where (2 is the set of indexes of 3D points inside the shape, with cardinality #(2. In
practice, we sample 40,960 points surrounding the recovered shape in Phase 2 and uti-
lize the condition a} < 0.01 to check point membership in 2.

4 Network Improvements

The core modules of DPA-Net as described in Sec. [3] can still underperform when ab-
stracting objects with complex structures. One issue comes from objects with holes and
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Table 1: Configurations for multi-phase test-time adaption (TTA).

Phase Type of T Type of w Occupancy  Opacity  Dropout Loss Model parameters
1 float float at at - Loyn+Lr+ Ly network, T, w
2 float - a* exp(—10a™) - Lon + LT network, T
3 binary - a* exp (—10a*) v Lph + Lover network

the other is redundant primitives. To address these issues, we present two key improve-
ments to our network.

Silhouette-aware pixel sampling: By default, NeRF [26] and variants randomly sam-
ple pixels during optimization, which was to ensure a balanced learning. However, we
found DPA-Net to struggle with it when abstracting 3D objects with complex topolo-
gies, e.g., thin structures or holes. To address this, we adopt adaptive pixel sampling to
allocate more pixels near object silhouettes. Specifically, we sample two pixel sets: 256
pixels randomly across the entire raster space, and 1,000 pixels around object contours.
The contour pixels are obtained by performing morphological closing on the mask im-
age and then adding Gaussian noise to the pixel coordinates.

Such an adaptive sampling scheme places more emphasis on boundary areas during
optimization to improved abstraction amid complex 3D topologies. We believe that it
is a general sampling strategy which could potentially benefit other abstraction frame-
works other than DPA-Net. We leave this investigation to future work.

Primitive dropouts: Attaining a compact primitive assembly, with a low primitive
count, without compromising abstraction accuracy is clearly desirable.

Similar to [54]], we drop out a primitive if excluding it from the construction does
not significantly alter the overall shape. In practice, we initialize with the primitives
obtained from Phase 3. For each pth primitive, we set the pth row of the binary selection
matrix T to zero, compute a new occupancy field b* using Eq[I] and finally quantify the
shape variation as: v = + ZZKZI 1 (XOR(b} < 0.1,a < 0.1)), where K = 40, 960
is the number of points sampled around the shape as in Phase 3 and 1() maps Boolean
values to O or 1.

If v is close to zero, we keep the pth row at zero. Otherwise, we restore the original
values. We iterate through each row of T to retain the set of primitives corresponding
to non-zero rows, where this primitive dropout is applied at every 400 iterations during
Phase-3 fine-tuning. Our experiments show that this strategy can remove up to 29%
redundant primitives; see supplementary for more details.

5 Results & Evaluation

We implement DPA-Net in PyTorch [38]], using the Adam [21]] optimizer with a learning
rate of 0.0001. Each batch contains 4 object instances. Our model is trained and evalu-
ated on 4 NVIDIA Tesla V100 GPUs. We evaluate on synthetic images rendered from
ShapeNet [3]] and real images from the MVS DTU benchmark [15], using standard met-
rics for 3D abstraction quality and shape compactness. Pre-training on ShapeNet takes
about three days. TTA on average takes one hour for ShapeNet and two hours for DTU.
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We compare our method with two recent 3D shape abstraction methods, EMS [24]]
and DBW [29]], for which open-source code is availableﬂ In addition, we also compare
with two reconstruction methods, pixelNeRF [53]] and DiViNet [46].

EMS [24] is an optimization-based method for fitting super-quadrics on 3D points. We
sample 6K points from the GT meshes and use parameter settings from [24].

DBW [29] is the SOTA method to recover super-quadric meshes from dense-view im-
ages. We adapted it for sparse views but failed to obtain meaningful results. For a fair
comparison, we instead compare to it using intended dense image inputs on DTU.
pixelNeRF [53]] is an image-conditioned NeRF for novel view synthesis from sparse
images. In its original implementation, the volume density is predicted as a function of
both location and viewing direction. However, the density value for each point should
be independent of the viewing direction [26]], which motivates us to modify its network
architecture to learn better volume density field for subsequent geometry extraction. In
particular, we predict the density using the first three ResBlocks that do not take the
viewing direction as input. We then extract the final mesh by applying marching cubes
on the inferred density field. Note that the output geometry is un-structured.

DiViNet [46] is the SOTA method for neural 3D surface reconstruction from sparse-
and disparate-view RGB images, via volume rendering. It uses learned 3D Gaussians
as shape template priors and “stitch” the shape surface to the template.

Metrics: We evaluate our method from three aspects. (1) 3D abstraction quality, mea-
sured by three standard metrics [6455]: symmetric Chamfer Distance (CD), Edge Cham-
fer Distance (ECD), and Normal Consistency (NC). The same parameter settings from
CAPRI-Net [55] are used to calculate CD and ECD. (2) Shape compactness, which is
reflected by having fewer parts (#Parts) and leads to ease of manipulation/editing. (3)
Rendering quality, measured by the standard image quality metrics PSNR and SSIM.

5.1 Evaluation on ShapeNet

We first evaluate on ShapeNet [3]] with pre-rendered ShapeNet images from SRN [41]
and Kato et al. [19]]. We use GT camera poses for both training and testing, as well as
object masks from pixelNeRF, which were obtained via thresholding.

Category-specific setting: In this setting, we evaluate the methods on a single chair
category. We follow pixelNeRF and adopt the training/testing split used in SRN, with
a total of 6,591 chairs. Each chair model is rendered from 50 different viewpoints to
generate the training images. At training time, we randomly samples 3 views for each
training step. At test time, we use 2 front-view images and 1 back-view image for
each test chair. All images have 128 x 128 resolution. We compare DPA-Net against
EMS [24] and pixelNeRF [53]. Tablepresents the main quantitative results. EMS [24]],
while being a state-of-the-art primitive fitting methods from 3D inputs, produces larger
errors across all metrics, while using a significantly larger number of 3D parts.

In particular, DPA-Net is better by 88%/17%/68% in CD/NC/ECD and uses 45%
fewer 3D parts. Compared with the modified pixelNeRF, we obtain similar errors (dif-
fers by 0.3 in CD, 0.07 in NC, 0.8 in ECD, 0.55 in PSNR and 0.003 in SSIM) across

3 Note that the code of ISCO [[1] was not publicly available upon submission.
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Fig. 3: Visual comparisons on the ShapeNet chair benchmark. The red ovals highlights noisy
surfaces, which can be seen more clearly if the image is zoomed in upon.

Table 2: Quantitative comparisons against EMS and pixelNeRF on the ShapeNet chair
benchmark. EMS takes 3D point cloud as input while pixelNeRF and our DPA-Net take 2D
images. Since pixelNeRF outputs non-structured shapes, we mark with a “-" in the #Parts entry.
The colors cyan and represent the best and the second best results.

Method  [Input|CD[NCH[ECD | |#Parts | [PSNRF[SSIM

EMS 3D [6.93]0.65|12.56| 14.92 - -
pixelNeRF D 0.5010.85| 3.21 - 27.85 | 0.963
Ours 8.15

all metrics. However, our method is more flexible in that it also produces convex part
decomposition in an unsupervised manner, which is more useful in many applications,
compared to the non-structured mesh produced by pixelNeRF.

The qualitative results in Fig. [3|consolidates our conclusion above. Both pixelNeRF
and DPA-Net are able to accurately recover the object geometry. However, due to the
non-structured 3D representation, pixelNeRF suffers from noisy surfaces (highlighted
by the red ovals). EMS is able to create smooth surfaces but exhibits inferior 3D ab-
straction quality. In contrast, DPA-Net not only abstracts reasonably accurate 3D shape
but also produces clean and meaningful shape structure decomposition.

Ablation studies: We validate the effectiveness of four important strategies on improv-
ing DPA-Net: test-time adaptation (TTA), adaptive pixel sampling (AS), overlapping
loss (OL) and primitive dropout (PD). Table 3] shows the main quantitative results. Re-
moving TTA (w/o TTA) and adaptive sampling (w/o AS) significantly degrades the
abstraction quality as the CD increases by 54% and 41% respectively, validating the
contribution of our TTA strategy and silhouette-aware pixel sampling method. Remov-
ing the overlapping loss (w/o OL) results in higher number of primitives and convex
shapes, showing that this loss helps in removing redundant, heavily overlapped con-
vexes. The primitive dropout (PD) strategy further reduces the number of primitives by
29% without sacrificing the abstraction accuracy.
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Fig.4: Ablation studies on the three key strategies to boost DPA-Net. The texts, #P’s, in the
last column show the number of qudaric primitives used. The cyan ovals highlight challenging
reconstruction areas that our method with TTA or adaptive sampling correctly recovers. The red
ovals highlight redundant overlapping convex parts.

Table 3: Ablation studies on the ShapeNet chair benchmark. #P and #C denote the number of
quadric primitives and convex shapes used during shape assembly. The colors cyan and
represent the best and the second best results.

Method  [CD |[NC 1[ECD |[#P | [#C |
wlo TTA [1.22 6.11 [39.04]7.38
wlo AS | 1.11]0.75 | 531 |45.81|8.23
w/oOL |0.83]0.82| 4.03 |61.23|8.61
w/o PD 0.78 | 3.85 [59.64/8.45
Full model| 0.79 | 0.78

Fig. @] qualitatively demonstrates the contributions of the four designs. TTA helps
recover missing structures from the pretraining results, while adaptive pixel sampling
aids in capturing thin structures and achieving accurate shape silhouettes. Enforcing
a overlap loss removes redundant 3D parts. Primitive dropouts effectively reduce the
number of primitives for assembling the final shape.

Category-agnostic setting: For experiments in a category-agnostic way, we train our
network on 13 largest categories of ShapeNet, covering roughly 43K object instances.
We again follow pixeINeRF and adapt the training/testing split in Kato ez al. [19], in
which multi-view images, at resolution 64 x 64, are rendered from 24 fixed elevated
angles. During training, we randomly pick 3 views from those 24 views for each object.

Table]summarizes the main results. DPA-Net consistently outperforms EMS across
all metrics by a significant margin, except for NC, reinforcing our category-specific
findings. DPA-Net being beat on NC is primarily due to the challenges posed by sparse
view supervision. For instance, the table top in our results is not perfectly flat, which is
a consequence of fine-tuning with a limited number of views. In contrast, EMS, which
utilizes points from GT meshes, are more apt at fitting well-oriented primitives.

More importantly, while pixeINeRF attained higher accuracy when trained solely
on chairs, our DPA-Net surpasses pixelNeRF across all metrics (except for NC and
PSNR) in this diverse multi-category experiment — for instance, improving on the CD
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Reference
image

Beference pixelNeRF EMS
image

pixelNeRF EMS Ours
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Fig. 5: Qualitative comparisons in the category-agnostic setting. The image resolution is 64 x 64.

Table 4: Quantitative evaluations in the category-agnostic setting on the ShapeNet dataset. Re-
sults marked by the color cyan are the best.

Method  [Input|CD|[NCH[ECD | [#Parts | [PSNR1[SSIM t

EMS 3D |5.15]0.75]43.45| 8.28 - -
pixelNeRF| 2D |3.67|0.73|11.01 - 27.17 1 0.923
Ours 2D |1.47(0.70| 491 | 5.57 | 25.96 | 0.932

metric by nearly 60%. This highlights the enhanced capacity of our structured primitive-
based representation in capturing expansive shape variations compared to pixelNeRF’s
unstructured approach.

As shown in Fig. [5] DPA-Net successfully recovers 3D primitive assemblies closely
approximating GT shapes despite relatively low 64 x 64 input image resolution. In
summary, our multi-category evaluations further validate the effectiveness DPA-Net in
generalized shape abstraction and structured primitive discovery from limited visual
data across substantially diverse object classes.

5.2 Evaluation on DTU

To further demonstrate the applicability of our method for learning primitive assem-
blies, we also test on the real images from the DTU dataset [15]], which contains multi-
view scene images with curated backgrounds captured in a controlled indoor environ-
ment. Each scene contains one or more objects. We use the camera poses and object
masks from DVR [32]] and resize all images to 300 x 400. Following standard practices,
we treat the structured light scans as 3D GT. Instead of pre-training on DTU, we apply
TTA directly on the 6 scenes with object masks used in DBW [29]. This challenging
setting allows us to rigorously test the generalizability of DPA-Net to real images.

As shown in Table [5] DPA-Net obtains higher-quality 3D abstractions with 18%
lower average CD while using 3.5 more parts compared to DBW. DiViNet [46] and
pixelNeRF [53]] outperform DAP-Net as they output un-structured meshes. Fig. [6] pro-
vides visual comparisons showing that our method can recover fine structural details.

5.3 Applications
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Reference Input pixelNeRF DiviNet EMS DBW Ours Ours(Textured)

Fig. 6: Visual comparisons on 3D abstraction and reconstruction over the DTU dataset.

Table 5: Quantitative comparisons on 6 DTU scenes with object masks. As DiViNet outputs
un-structured shapes, we mark with a “-" in the #Parts entry. Cyan marks the best results.

Method  Input Structure S24 S40 S55 S63 S83 S105 Mean CD Mean #Parts

EMS 3D v 4.045854.13499354 599 475 4.50
DBW 2D v 3.851.343.834.575.05 607 4.12 3.83
Ours 2D v 474327288299 326 33 3.41 7.33

pixelNeRF 2D X 3.542.072.27 457352 212 3.01 -
DiViNet 2D X 334147075274 194 1.17 1.90 -

The structured 3D abstractions obtained by DPA-Net are fully interpretable since they
represent primitives assembled by meaningful CAD operations. This allows the ob-
tained results to be directly edited or animated for down-streaming applications. Users
can easily modify the abstracted parts by adding, removing, translating, or rotating com-
ponents to create desired CAD designs, as demonstrated in Figs. [I and [7} These 3D
shape editing results were obtained by MeshLab [[7].

In addition, we can fit basic shapes (e.g., cuboids) to the abstracted convex shapes
and export them to an OpenSCAD script, enabling programmatic editing of 3D shapes
in CAD software [42]], as demonstrated in the top row in Fig.[§]

Last but not least, the abstracted 3D shapes obtained by DPA-Net can serve as
easy-to-edit “structural prompts” [5}[40] for novel and detailed 3D shape generations.
Here, we take the 3D generation method from SPiC-E as an example. SPiC-E
can transform primitive-based abstractions into highly expressive shapes according to
text conditions. Taking one result from DPA-Net, for example, we produce three edited
shapes from OpenSCAD as input guidance 3D shape, which are referred to as structural
prompts in Fig.[8] We input these guidance 3D shapes and different text conditions into
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Before editing Nose removal “Hug Before editing Top removal Shorter legs

Fig. 7: Direct editing, using MeshLab , over structured abstractions obtained by DPA-Net.

DPA-Net Fitting — | SpenseaD 7
| Editing
F
M)

Input images Convex shapes Cuboids Edited shape

[ ] | L]
\v]« i (o}l | %}
Structural “Pink dinner Structural “Green outdoor Structural “Orange chair with
prompt chair” prompt chair” prompt back bars”

Fig. 8: Top: editing 3D shape from DPA-Net by OpenSCAD . Bottom: 3D shape generation
by SPiC-E [40] from text prompts and 3D guidance shapes as structural prompts. The generated
detailed shapes share a similar structure as the input 3D guidance shapes and have more details
according to the text condition.

SPiC-E and generate more detailed shapes. The results demonstrate that our method
holds strong application potential for such promising downstream tasks.

6 Conclusion

We present DPA-Net, a differentiable framework for learning structured 3D abstractions
in the form of primitive assemblies from only few, e.g., three, RGB images captured at
very different views. Our key innovation is the integration of differential primitive as-
sembly into the NeRF architecture, enabling the prediction of occupancies to serve as
opacity values for volume rendering. Without any 3D or shape decomposition super-
vision, our method can produce an interpretable, and subsequently editable, union of
convexes that approximates the target 3D object. Quantitative and qualitative evalua-
tions on ShapeNet and DTU demonstrate superiority of DPA-Net over state-of-the-art
alternatives. The demonstrated applications further show that our editable 3D abstrac-
tions can serve as structural prompts and benefit other 3D generation tasks.

Our current implementation makes use of GT camera poses. To alleviate perfor-
mance degradations caused by estimated, noisy poses, existing methods for joint camera-
scene optimization, e.g., [44], may be applied. As texture prediction is not a focus of
our work, further fine-tuning (e.g., with a bias towards input views) and optimization
are needed to improve rendering quality. Finally, assembly using only convexes is lim-
iting. As shown in the supplementary, DPA-Net does not handle concave shapes well.
Adding difference operations into the differentiable assembly is worth exploring.
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