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Abstract

Describing a scene in terms of primitives — geometri-
cally simple shapes that offer a parsimonious but accurate
abstraction of structure — is an established and difficult fit-
ting problem. Different scenes require different numbers of
primitives, and these primitives interact strongly. Existing
methods are evaluated by comparing predicted depth, nor-
mals, and segmentation against ground truth. The state of
the art method involves a learned regression procedure to
predict a start point consisting of a fixed number of primi-
tives, followed by a descent method to refine the geometry
and remove redundant primitives.

CSG (Constructive Solid Geometry) representations are
significantly enhanced by a set-differencing operation. Our
representation incorporates negative primitives, which are
differenced from the positive primitives. These notably en-
rich the geometry that the model can encode, while compli-
cating the fitting problem. This paper presents a method that
can (a) incorporate these negative primitives and (b) choose
the overall number of positive and negative primitives by
ensembling. Extensive experiments on the standard NYUv2
dataset confirm that (a) this approach results in substantial
improvements in depth representation and segmentation over
SOTA and (b) negative primitives improve fitting accuracy.
Our method is robustly applicable across datasets: in a first,
we evaluate primitive prediction for LAION images.

1. Introduction

Compact yet accurate representations of scene and object
geometry have a wide range of applications, including image
editing, motion planning, and grasping. In image editing,
a compact representation makes it easy for a user to select
what must be edited (e.g. [3, 63]), and accuracy is required
for tasks like camera movement (Figure 8). In motion plan-
ning and grasping, compactness supports efficient computa-
tion and accuracy is required to produce solutions that work
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Figure 1. We present a method that can extract 3D primitives from
RGB images with high geometric accuracy. Our method exploits
negative primitives, which carve away geometry (i.e. a boolean
operation). These subtractive operations enrich the shapes we can
encode, such as holes in the donuts (bottom row). While no GT
labels exist for the primitive parameters, we show how test-time
ensembling can be used to find the appropriate level of abstraction
for a given image. The second pair of results from each row can be
obtained via ensembling, which produces more accurate geometric
fits. Our test-time ensembling involves running several independent
models and selecting the best solution for that image.

(e.g. [14, 37,42, 58, 64, 68]. This paper describes a method
that parses a scene into a set of simple, canonical shapes,
or primitives. Our method balances three criteria: (i) com-
pactness — the scene is represented with few primitives; (ii)
accuracy — the geometric error between the representation
and the ground truth scene is small; and (iii) semantic coher-
ence — primitive boundaries are approximately aligned with
object or part boundaries.

We follow [9] in using smoothed 3D polytopes, which
avoid the geometric difficulties (e.g. singularities, non-
convexities, self-intersections and symmetries) associated
with superquadrics. Existing approaches to fit primitives are
either descent methods (which optimize primitive parameters
directly, and so susceptible to poor initialization and local
minima) or regression methods (which predict parameters
in a single pass, so can avoid the worst local minima but
lack the precision to produce a tight fit to the specific input
geometry). In existing methods, model selection (choosing
the number of primitives for a scene) is by a single hyperpa-



rameter. But some scenes are more complicated than others
(Fig. 1 top row). Further, existing methods lack the expres-
siveness to model concavities or holes efficiently (Fig. |
bottom row). In contrast to [9], we use a hybrid regress then
descent method; fit entire scenes using RGB input on a very
large scale; fit negative primitives, allowing set differenc-
ing to make concavities; choose geometric complexity of
the fitted representation with an adaptive method built on
ensembling; and significantly exceed SOTA accuracy with
very small representations. Our contributions are:

« Fitting CSG Models with Negative Primitives: We
present the first method capable of fitting CSG models
that include a set differencing operator to in-the-wild im-
ages of scenes. We demonstrate significant quantitative
and qualitative benefits to using negative primitives for
scene decomposition.

* Test-Time Ensembling for Model Selection: We intro-
duce a test-time search procedure that dynamically selects
the number of positive and negative primitives for each
scene. This data-driven approach yields a more accurate
representation than any fixed-count model.

* State-of-the-Art Accuracy: Our combined method sig-
nificantly outperforms all available baselines and prior
state-of-the-art on the NYUv2 benchmark, achieving a
relative error reduction of over 50% and demonstrating
strong generalization to diverse, in-the-wild scenes.

* Viability at large scale: We demonstrate fitting to over
1M in-the-wild LAION images with high accuracy.

2. Related Work

Primitives date to the origins of computer vision. Roberts
worked with blocks [50]; Binford with generalized cylin-
ders [5]; Biederman with geons [4]. Ideally, complex objects
might be handled with simple primitives [7] where each
primitive is a semantic part [4, 5, 61]. Primitives can be
recovered from image data [41, 52], and allow simplified
geometric reasoning [45].

For individual objects, neural methods could predict the
right set of primitives by predicting solutions for test data
that are “like” those that worked for training data. Tul-
siani et al. parse 3D shapes into cuboids, trained without
ground truth segmentations [59]. Zou et al. parse with
a recurrent architecture [74]. Liu et al. produce detailed
reconstructions of objects in indoor scenes, but do not at-
tempt parsimonious abstraction [34]. Worryingly, 3D re-
construction networks might rely on object semantics [56].
Deng et al. (CVXNet) represent objects as a union of con-
vexes, again training without ground truth segmentations [9].
An early variant of CVXNet can recover 3D representa-
tions of poses from single images, with reasonable parses
into parts [8]. Meshes can be decomposed into near con-
vex primitives, by a form of search [66]. Part decomposi-
tions have attractive editability [20]. Regression methods
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(a) Inference Overview: An RGBD image is input to an ensemble of
independently trained CNNs. Each network predicts the parameters of a set
of convexes C;. The number of convexes varies between 12 and 36 in this
work, with many of them potentially being negative. We refine each set of
convexes by minimizing the training loss w.r.t. the input depth map. Our
final decomposition consists of the set of refined convexes C; which yields
the lowest absolute relative depth error.
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(b) Negative primitives are parameter-efficient. Representing a
simple box with a hole punched in it can be challenging even with
several traditional primitives, as shown in (a), where five primitives
get stuck in a local minimum. In contrast, two primitives - one
positive and one negative - can represent the geometry successfully
because of the enriched vocabulary of operations. Two views are
shown in (b) and (c).
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Figure 2. Overview of our approach (left) and demonstration of
negative primitives (right).

face some difficulty producing different numbers of prim-
itives per scene (CVXNet uses a fixed number; [59] pre-
dicts the probability a primitive is present; one also might
use Gumbel softmax [24]). Primitives that have been ex-
plored include: cuboids [6, 13, 29, 38, 49, 53, 55, 59]; su-
perquadrics [2, 23, 43]; planes [7, 32]; and generalized cylin-
ders [31, 41, 72]. There is a recent review in [12].

Neural Parts [44] decomposes an object given by an im-
age into a set of non-convex shapes. CAPRI-Net [71] decom-
poses 3D objects given as point clouds or voxel grids into
assemblies of quadric surfaces. DeepCAD [67] decomposes
an object into a sequence of commands describing a CAD
model, but requires appropriately annotated data for training.
Point2Cyl [60] is similar, but predicts the 2D shapes as an
SDF. Notably, [60, 67, 71] also utilize CSG with negative
parts but, unlike our work, focus on CAD models of single
objects instead of complex real-world scenes.

Hoiem er al. parse outdoor scenes into vertical and
horizontal surfaces [21, 22]; Gupta et al. demonstrate a
parse into blocks [15]. Indoor scenes can be parsed into: a
cuboid [17, 62]; beds and some furniture as boxes [18]; free
space [19]; and plane layouts [33, 54]. If RGBD is available,
one can recover layout in detail [73]. Patch-like primitives
can be imputed from data [11]. Jiang demonstrates parsing



RGBD images into primitives by solving a 0-1 quadratic
program [25]. Like that work, we evaluate segmentation
by primitives (see [25], p. 12), but we use original NYUv2
labels instead of the drastically simplified ones in the prior
work. Also, our primitives are truly convex. Monnier et
al. and Alaniz et al. decompose scenes into sets of su-
perquadrics using differentiable rendering, which requires
calibrated multi-view images as input [1, 39]. Most similar
to our work is that of Kluger et al., who identify cuboids
sequentially with a RANSAC-like algorithm [10, 27-30].
The success of a descent method depends critically on
the start point, typically dealt with using greedy algorithms
(rooted in RANSAC [10]; note the prevalence of RANSAC
in a recent review [26]); randomized search [16, 46]; or
multiple starts. Remarkably, as Sec. 3.2 shows, modern first-
order methods are capable of producing fairly good primitive
representations from a random start point [35].

3. Method

Write K*°'% for the total number of primitives and K~
for the number of negatives to be predicted. For each
(K'totel () we wish to investigate, we train a prediction
network. Then, at inference time, we produce a set of primi-
tives from each network, polish it, select the primitives with
the best loss and report that, so different scenes will have
predictions involving different numbers of primitives. Our
approach generalizes the architecture of [62], but produces
very significant improvements in performance (Sec. 4). Neg-
ative primitives require some minor modifications of their
procedure (Sec. 3). Our losses (Sec. 3.1) and test-time re-
finement (Sec. 3.2) are somewhat similar.

Our network requires RGBD input. If depth measure-
ments are not available, our method works well with single
image depth predictors [48, 69]. Our losses require a point
cloud that is extracted from the depth image via the heuris-
tic described in [62]. Fig. 2a provides an overview of our
inference pipeline.

Base primitives: Our primitives are smoothed polytopes
as described in [9]. For 6-faced parallelepipeds, each prim-
itive is parametrized by a center (3 DOF’s), 3 normals (6
DOF’s), 6 offsets (6 DOFs) and a blending term (1 DOF).
The blended half-plane approach eases training and also en-
ables fitting curved surfaces. We fit 6-faced parallelepipeds
for fair comparative evaluation, and then show that more
faces per polytope yields better representations (see Table 6
in supplementary).

Negative primitives: Set differencing produces a notably
more complex geometric representation. Assume we have
Ktotel primitives of which K~ are negative, each with f
faces. Label an image pixel by the face intersection that
produced that pixel (as in our face segmentation figures, e.g.
Fig. 4). Generic pixels could result from either ray intersec-
tion with a face of a positive primitive or with a face of a neg-

ative primitive inside some positive. This argument means
that there are a maximum of f x (K*! — K=) x (1+ K )
pixel labels; note how this number grows very quickly with
an increase in the number of negative primitives, an effect
that can be seen in Fig. 4. Negative primitives are easily han-
dled with indicator functions. We define the indicator for a
set of primitives O : R — [0, 1], with O(z) = 0 indicating
free space, and O(x) = 1 indicating a query point z € R3
is inside the volume. Write O (z) for the indicator func-
tion for the set of positive primitives, O~ (z) for negative
primitives. The indicator for our representation is then:

O(x) = relu(O* (z) — O~ (z)). (1)

As we will show in our results, Section 4, negative prim-
itives allow us to encode a richer set of shapes, given the
same primitive budget. Our analysis leads to the following
theorem, which we analyze in the supplement Sec. 8:

Theorem 1. For the vocabulary of primitives described,
there exist shapes S such that K (S) < K (S) when the
representation of S is required to achieve sufficiently high
precision.

3.1. Losses

Our modified representation allows re-using the existing
sample loss and auxiliary losses (unique parametrization
loss, overlap loss, guidance loss, localization loss) [9, 62]
for both O () and O~ (x). While a Manhattan World loss
was found to be helpful for NYUv2, it hurt quality on general
in-the-wild LAION images in our testing so we exclude it.
We do not consider the volume loss or segmentation loss
from [62] in our experimentation, as they were shown to
have an approximately neutral effect in the original paper.

3.2. Polishing and Descent

Test-time finetuning is possible because we can evaluate the
primitive prediction against the predicted depth map, then
use the training losses at test-time. The fit is improved by
using more 3D samples in these losses per image at test-time.
Our polishing procedure is heavily optimized.

In fact, our test-time refinement procedure is effective
enough that we can fit a primitive representation using only
a random start. We are aware of no other primitive fitting
procedure that can operate with pure descent and no random
restart or incremental process. This supplies an interesting
baseline; Sec. 4 demonstrates that this baseline is highly
inefficient compared to polishing a network prediction, and
is not competitive in accuracy.

3.3. Choosing the Number of Primitives

Much of the literature on primitive decomposition fits a fixed
number of primitives [9]. In contrast, we train 18 models
for (Kt°tal K—), with Ktote! € {12,24,36} and K~ €
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Figure 3. Visualizations of various primitive predictions for four scenes from NYUv2. We show ground truth (first column in each block);
predictions of (12, 0), (24, 0) and (36, 0) models; the prediction of the model that made the worst prediction for the scene; and the
prediction of the model that made the best prediction. The best choice of primitive counts K *°**! varies from scene to scene. Notice some
complex objects made up as composites of positive primitives (black arrow) and negative primitives “carving out” shapes. The segmentation

label is the oracle label described in the text.

{0,4,..., Kttt — /1 We investigate two strategies for
choosing the best prediction (and so the best set of primitives)
for a given test image: S — R, where we select the best
neural prediction then refine it; and R — S, where we refine
all predictions then select the best.

3.4. Implementation Details

Our neural architecture is a ResNet-18 encoder (first layer
expanded to accept RGBD input), followed by a decoder con-
sisting of three linear layers of sizes [1048, 1048, 2048] and
LeakyRelu activations. We do not freeze any layers during
training. The dimensionality of the final output varies based
on the number of primitives the model is trained to produce
(as we train different models for different numbers of primi-
tives in this work). We implement our procedure in PyTorch
and train all networks with AdamW optimizer, learning rate
2 x 104, batch size 96, mixed-precision training, for 20000
iterations, on a single A40 GPU. Each image is resized to
240 x 320 resolution. Although we train at fixed resolution,
our model can run inference at variable aspect ratio, as would
be expected from CNNs like ResNet. It takes 39 mins to
train a 12 primitive model and 62 mins to train a 36 primitive
model. On LAION, we train at 256 x 256 resolution. We
use random flip, scale, and crop during training.

4. Results

Qualitative results appear in Fig 3 and Fig 4. Note how prim-
itives can combine to form complex structures; how negative
primitives “carve out” complex shapes; how primitives tend
to “stick” to object properties (for example, heads; a house);
and how the number of face labels grows very quickly with
the number of negative primitives.

4.1. Evaluating a Primitive Representation

While producing a primitive representation has a long his-
tory ([36], Sec. 2), not much is known about how one is to
be used apart from the original recognition argument, now
clearly an anachronism. Recent work in conditioned image
synthesis ([3, 63]) suggests that applications might need (a)
a relatively compact representation (so that users can, say,
move primitives around) and (b) one that accurately reflects
depth, normals and (ideally) segmentation.

We compare primitive methods against one another us-
ing standard metrics for depth, normal and segmentation.
Specialized predictors of depth, normal and segmentation
outperform primitive methods on these metrics. But we
would not use a primitive predictor to actually predict depth,
normal or segmentation — instead, we are using the metrics
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Figure 4. Visualizations of various primitive predictions for four scenes from LAION. We show ground truth (first column in each block);
the prediction of the model that made the worst prediction for the scene; the prediction of the model that made the best prediction rightmost;
and in-between results shown in intermediate columns. While our models produce good fits on average, ensembling helps select the optimal
primitive count for each test scene and avoids poor solutions. The best choice of primitive counts K *°**! varies from scene to scene. Bottom
row in each block shows face labels — no oracle segmentation is available. Note how primitives can follow complex structures; how they
tend to “stick” to object properties; and how the number of face labels grows very quickly with the number of negative primitives. See

Figs. 10 and 11 for additional examples.

to determine whether very highly simplified representations
achieve reasonable accuracy. Our procedure uses the stan-
dard 795/654 train/test NYUv2 split [40]. We hold out 5% of
training images for validation. We use this dataset primarily
to maintain consistency in evaluating against prior art.

For NYUv2, we compare the depth map predicted by
primitives to ground truth using a variety of metrics; normals
predicted by primitives to ground truth; and a segmentation
derived from primitives to ground truth segmentation. Depth
metrics are: the (standard) AbsRel (eg [47]); AUC,,, which
evaluates the fraction of points within n cm of the correct
location (after [29, 62]); mean and median of the occlusion-
aware distance of [29]. Normal metrics are based on [65]
and are mean and median of angle to true normal, in degrees.
The segmentation metric uses the GT segmentation to assign
the best label for each image region, where regions consist
of pixels with the same face intersection label (of Sec. 3),

then compares this to ground truth. The SegAcc error metric
shown in Tables 1 and 7 refers to the fraction of pixels
labeled correctly. For LAION, we compute depth and normal
metrics from generated primitives comparing to depth and
normal predicted from the image.

4.2. NYUv2 Results

Our method beats SOTA on depth, normal, and segmen-
tation (Table 1). With or without ensembling process, our
method is faster than SOTA. Qualitative results in Fig. 3.
More extensive detailed comparison in Supplementary.
Negative primitives improve accuracy, as indicated by
Fig. 7b. This figure shows the histogram of the number of
times a particular (K*°*% K ~) combination was selected.
Note that there is a strong tendency to use more primitives
(K'tote! = 36 is much more popular than others). One would
expect this from bias considerations, but we observe that



Figure 5. We present a method that advances the SOTA for primitive decomposition by using ensembling and negative primitives. Prior art
shown in 2™ row [29] and 39 row [62] for comparison. (4th row) We show results from our approach with 36 primitives, none negative.
Our procedure encodes geometry quite closely. (Sth and 6th row) With negative primitives, we can encode a rich arrangement of shapes.

Here, we ensemble many predictors and show the best one. In these six cases, a model with negative primitives was chosen. The normals
make it clear that negative primitives are scooping geometry away from positive primitives.
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Figure 6. Network start is beneficial. Initializing our finetuning process with primitives predicted by our network (blue line) yields better
primitives after finetuning than random start (red line). In practice, network start saves around 900 FT steps and can achieve a better quality
than random start. It also appears to be harder to fit negative primitives than positives (there is a larger gap in the final AbsRel between the
two curves when there are negative primitives). Based on these results, we use 200 finetuning steps to balance compute and quality when
reporting error metrics in this paper. Further, the fact that it is even possible to generate high-quality primitives via pure optimization, without
a neural network, is new in the context of recent primitive-generation literature. Results shown on 100 random test images from LAION.



Method Ktotal K=  AbsRell Normals Mean| Normals Median| SegAcct Time(s) Mem (GB)
12 12 0 0.0622 34.4 26.3 0.651 0.84 3.53
24 24 0 0.052 33 25 0.7 1.46 5.57
36 36 0 0.0484 323 24.4 0.723 2.06 7.61
best 36 12 0.0452 32.1 24 0.765 2.06 7.61
pos S — R 26.1 0 0.0527 33 24.9 0.7 2.08 7.61
pos + neg S — R 29 10.4  0.0492 329 24.7 0.733 2.13 7.61
pos R — S 33.6 0 0.0476 323 24.4 0.72 4.37 7.61
pos +neg R — S 35 14.7  0.0417 319 24 0.756 29.9 7.61
Vavilala & Forsyth [62]  13.9 0 0.098 37.4 324 0.618 40 6.77

Table 1. Comparison to SOTA (last row) on NYUv2. All rows except the last were trained using our procedure. Our best approach
(second last row) polishes then chooses from 18 different models with different numbers of primitives. First three rows: we train a primitive
generation model according to the procedure laid out in Sec 3, without negative primitives. Next row: 36 total primitives with 12 negative
was our best network as measured by AbsRel. Next four rows Ensembling strongly improves error metrics, particularly AbsRel. pos + neg
refers to all 18 models available for ensembling, whereas pos refers to only 3 models without negative primitives available. S — R refers to
only refining the output of the model with the best sample classification; R — .S means we finetune all models and pick the best one. In this
table, we finetune assuming GT depth is available at test time, though our method still works even when depth is inferred by a pretrained
depth estimator. The fact that substantial gains can be achieved from R — S implies that the best start point may not yield the best end
point — meaning the fitting problem is hard. Time and memory estimates are presented as well. Last row: we compare our methods against
existing work. Any individual model we train obtains better error metrics with less compute. Timings for ensembling show estimated total
cost of running all the methods and selecting the best one; memory refers to peak GPU memory usage.

Dataset | faces | AbsRel]

NYUv2 6 0.0417
LAION 6 0.0193
LAION 12 0.0178

Table 2. Depth metrics for NYUv2 data and LAION data compared,
when ensembling pos + neg R — S. The much larger data volume
in LAION improves the generalization ability of our procedure.
Further, increasing the representational power of our method by
removing the symmetric normal constraint (for parallelepipeds,
top two rows) and increasing the number of faces per polytope to
f = 12 (bottom row) yields even better primitive decompositions.

many scenes use fewer primitives. The number of negatives
used for the best fit is quite variable, though often near
K~ ~ K"l - see Sec. 8. We believe the ensembling
step reduces variance by discarding complex fits that, while
more flexible and thus lower in bias, tend to overfit and
become less accurate. When complex fits perform poorly,
the ensemble instead favors simpler, more robust models.
Our method is efficient, as Table 3 shows. The vast
majority of time is spent in polishing the representation.
Ensembling yields further improvements (particularly S —
R), and is still more efficient than prior work (see table 1).

4.3. LAION Results

Scaling is an important concept in computer vision, but we
have not seen this concept applied to 3D primitive generation.
To that end, we collect approx. 1.8M natural images from

Ktotal T Encode | Loss | Finetune | Render
12 0.0006 | 0.0006 0.68 0.15
24 0.0006 | 0.0006 1.23 0.22
36 0.0006 | 0.0007 1.79 0.26

Table 3. Estimated inference breakdown times, all times in sec-
onds, 256-res images, K~ = 0. Encoding is very fast, in which
the network predicts parameters of the primitives given an RGBD
image. Computing loss, required for getting the fraction of samples
classified correctly when ensembling with S — R, is also fast.
However, finetuning (we show 200 steps here) is often the bottle-
neck since we must compute the loss and optimize the parameters
of the primitives.

LAION-Aesthetic. We use a recent SOTA depth estimation
network [70] to obtain depth maps, and make reasonable
camera calibration assumptions to lift a 3D point cloud from
the depth map. In particular, we use the Hypersim [51] mod-
ule that predicts metric depth and use its camera parameters
to get the point cloud for each image, which is required
for training our convex decomposition model. GT normals
can be obtained using the image gradient method described
in [62], which requires point cloud input. LAION is easier
than NYUv2 as Table 2 shows (note the improved AbsRel),
likely due to the much larger dataset and availability of easier
scenes. NYUv2 scenes are complex cluttered indoor rooms.

Our depth AbsRel numbers on LAION (comparing prim-
itive depth against supplied depth map) lie between .019 to
.029 (see Table 8). For reference, the state-of-the-art depth
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Figure 7. Negative primitives are often selected from the ensem-
ble. Top When we ensemble with S — R, all models across all
primitive counts are well-represented. This indicates that our net-
work prediction may slightly struggle to manage larger numbers of
primitives, hence the relative success of fewer primitives. In this
setting, selecting a prediction for finetuning is based on fraction of
3D samples classified incorrectly, which is fast as we don’t need to
finetune and render the outputs of all the networks to decide which
model to use. Bottom When we refine then choose R — S, our
finetuning procedure polishes each network start point and chooses
the best one based on AbsRel, requiring a render for each model.
When doing so, the best model (measured by AbsRel of rendered
depth against GT depth) is strongly concentrated among higher
primitive counts, K*°**! = 36.

estimator DepthAnythingV2 [70] reports AbsRel values (pre-
dicted vs. ground truth depth) of approximately 0.044 to
0.075 on NYUv2 and KITTTI, which helps contextualize that
our depth errors are comparatively small.

Our network start is much better than pure descent, as
Fig. 6 shows. The randomly started pure descent procedure
of Section 3.2 produces surprisingly strong fits, but requires a
large number of iterations to do so. Typically, 100 iterations
of polishing a network start point is much better than 1000
iterations of pure descent. The descent procedure is a first
order method, so we expect AbsRel to improve no faster
than 1/iterations, suggesting that this figure understates the
advantage of the network start point.

5. Discussion

Primitives are an old obsession in computer vision. Their
original purpose (object recognition) now appears to be much
better handled in other ways. Mostly, using primitives was

Original Edited Original Edited

’ Ours Primitives

LooseControl

Figure 8. Primitives support image editing. Figure reproduced from
concurrent submission [63]. Primitives yield camera moves by a
pipeline that: fits primitives to a single RGBD image from a scene;
uses those primitives to transfer image texture to an image from the
new viewpoint, recording where textures are uncertain or unknown;
then synthesizes an image using a depth conditioned diffusion
model with the transferred image as a hint. Examples where objects
are moved appear in supplementary [63]. This figure compares our
primitives with results from LooseControl [3]. Figures show scenes,
primitives and depth maps, where “Edited” is post camera move.
In each case, the camera is moved to the right. LooseControl is at
a disadvantage in this task, because its primitives, while compact,
are intentionally not accurate, so the duck changes and an extra
rock appears. In each case, our primitive representation is accurate
enough to show the same scene from a different view.

never really an issue, because there weren’t viable fitting
procedures. But what are primitives for? Likely answers
come from robotics — where one might benefit from simpli-
fied representations of geometry that are still accurate — and
image editing — where a user might edit a scene by moving
primitives (e.g. Fig. 8). Future work may better handle vari-
able primitive representations (we train a separate network
for each primitive count K*°*®! / K ~) and improve the net-
work start, eliminating the need for post-training finetuning.
While this paper has drastically advanced geometric accu-
racy of 3D primitive fitting to data, improving segmentation
boundaries remains open.
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