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Abstract

We present ShapeFormer, a transformer-based network
that produces a distribution of object completions, condi-
tioned on incomplete, and possibly noisy, point clouds. The
resultant distribution can then be sampled to generate likely
completions, each exhibiting plausible shape details while
being faithful to the input.

To facilitate the use of transformers for 3D, we intro-
duce a compact 3D representation, vector quantized deep
implicit function (VQDIF), that utilizes spatial sparsity to
represent a close approximation of a 3D shape by a short
sequence of discrete variables. Experiments demonstrate
that ShapeFormer outperforms prior art for shape comple-
tion from ambiguous partial inputs in terms of both comple-
tion quality and diversity. We also show that our approach
effectively handles a variety of shape types, incomplete pat-
terns, and real-world scans.

1. Introduction

Shapes are typically acquired with cameras that probe
and sample surfaces. The process relies on line of sight and,
at best, can obtain partial information from the visible parts
of objects. Hence, sampling complex real-world geometry
is inevitably imperfect, resulting in varying sampling densi-
ties and missing parts. This problem of surface completion
has been extensively investigated over multiple decades [5].
The central challenge is to compensate for incomplete data
by inspecting non-local hints in the observed data to infer
missing parts using various forms of priors.

Recently, deep implicit function (DIF) has emerged as
an effective representation for learning high-quality surface
completion. To learn shape priors, earlier DIFs [13,44,51]
encode each shape using a single global latent vector.
Combining a global code with region-specific local latent
codes [14,15,23,28,38,53] can faithfully preserve geomet-
ric details of the input in the completion. However, when
presented with ambiguous partial input, for which multiple
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Figure 1. ShapeFormer predicts multiple completions for a real-
world scan of a sports car (left column), a chair with missing parts
(middle column), and a partial point cloud of human lower legs
(right column). The input point clouds are superimposed with the
generated shapes to emphasize the faithfulness of the completion
to the input point cloud.

plausible completions are possible (see Fig. 1), the deter-
ministic nature of local DIF usually fails to produce mean-
ingful completions for unseen regions. A viable alternative
is to combine generative models to handle the input uncer-
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tainty. However, for representations that contain enormousrepresents satisfactory approximations of 3D shapes; (ii) a
statistical redundancy, as in the case of current local meth-transformer-based autoregressive model that uses our new
ods, such combination [60] excessively allocates model ca-representation to predict multiple high-quality completed
pacity towards perceptually irrelevant details [22, 26]. shapes conditioned on the partial input; and (iii) state-of-

We preseniShapeFormera transformer-based autore- the-artresults for multi-modal shape completion in terms of
gressive model that learnsiastributionover possible shape ~ completion quality and diversity. The FPD score on PartNet
completions. We use local codes to form a sequence of dis4S improved by at most 1.7 compared with prior multi-modal
crete, vector quantized features, greatly reducing the repremethod cGAN [70].
sentation size while keeping the underlying structure. Ap-
plying transformer-based generative models toward such se-
quences of discrete variables have been shown to be effec2- Related Work
tive for generative pretraining [3, 11], generation [24, 56]

and completloln[ Jin |mag§ domain. Shape reconstruction and completion 3D reconstruc-
However, directly deploying transformers to 3D feature (jqn, js a longstanding ill-posed problem in computer vision

grids leads to a sequence length cubic in the feature resoyng graphics. Traditional methods can produce faithful re-
lution. Since transformers have an innate quadratic COM-q,nstruction from complete input such as point cloud [5],
plexity on sequence length, only using overly coarse fea- o jmages [27]. Recently, neural network-based methods
ture resolution, while feasible, can barely represent mean-naye demonstrated an impressive performance toward re-
ingful shapes. To mitigate the complexity, we rst intro-  qngiryction from partial input [31], where the unseen re-
duce Vector Quantized Deep Implicit Function&QDIF), gions are completed with the help of data priors. They can
a novel 3D representation that is both compact and struc-pe ¢jassj ed according to their output representation, such
tured, that can represent complex 3D shapes with acceptyg yoxels, meshes, point clouds, and deep implicit func-
able accuracy, while being rather small in size. The core yjons  Since voxels can be processed or generated easily

idea is to sparsely encode shapes as sequences of discre{frough 3D convolutions thanks to their regularity, they are
2-tuples, each representing both the position and content Ofcommonly used in earlier works [ ]. How-

a non-empty local feature. These sequences can be decodeger, since their cubic complexity toward resolution, the
to deep implicit functions from which high-quality surfaces predicted shapes are either too coarse or too heavy in size
can subsequently be extracted. Due to the sparse nature G |ater applications. While meshes are more data-ef cient,

3D shapes, such encoding reduces the sequence length frogj ;e to the dif culty of handling mesh topology, mesh-based
cubic to quadratic in the feature resolution, thus enabling methods have to either use shape template [ ]

effective combination with generative models. limiting to a single topology, or produce self-intersecting

ShapeFormecompletes shapes by generating complete meshes [30]. Point clouds, in contrast, do not have such a
sequences, conditioned on the sequence for partial observgyroblem and are popularly used lately for generation [1,25]
tion. Itis trained by sequentially predicting the conditional and completion [62,71,72,74]. However, point clouds need
distribution of both location and content over the next el- to be non-trivially post-processed using classical meth-
ement. Unlike image completion [67], where the model ods [6, 36, 39, 40] to recover surfaces due to their sparse
is trained with the BERT [3, 21] objective to only predict nature. Recent works that represent shapes as deep implicit
for unseen regions, in the 3D shape completion setting,functions have been shown to be effective for high-quality
the input features may also come from both noisy and in- 3D reconstruction [13, 44, 51]. By leveraging local priors,
complete observations, and keeping them intact necessarilyollow-up works [15, 23, 28, 43, 53] can further improve the
yields noisy results. Hence, in order to generate whole com- delity of geometric details. However, most current meth-
plete sequences from scratch while being faithful to the par- ods are not effective toward ambiguous input due to their
tial observations, we adapt the auto-regressive objective andjeterministic nature. Other methods handle such input by
prepend the partial sequence to the complete one to achieveeveraging generative models. They learn the conditional
conditioning. This strategy has been proved effective for distribution of complete shapes represented as either a sin-
conditional synthesis for both text [42] and images [24].  gle global code [2, 70], which, due to their lack of spatial

We demonstrate the ability of ShapeFormer to produce structure, leads to completions misaligned with the input,
diverse high-quality completions for ambiguous partial ob- or raw point cloud [76], which, due to its statistical redun-
servations of various shape types, including CAD mod- dancy, is only effective for completing simple shapes with
els and human bodies, and of various incomplete sourcesa limited number of points. In this paper, we show how
such as real-world scans with missing parts. In summary,building generative models upon our new compact, struc-
our contributions include: (i) a novel DIF representation tured representation enables multi-modal high-quality re-
based on sequences of discrete variables that compactlgonstruction for complex shapes.



Figure 2. Overview of our shape completion approach. Given a partial point Elppdssibly from a depth image, as input, our VQDIF
encoder rst converts it to a sparse feature sequemcg 1, replacing them with the indices of their nearest neighdoin a learned
dictionaryD, forming a sequence of discrete 2-tuples consisting of the coordinate (pink) and the quantized feature index (blue). We refer
to this partial sequence & (drawn with dashed lines). The ShapeFormer then t8keas input and models the conditional distribution
p(ScjSr ). Autoregressive sampling yields a probable complete sequ&ncé€inally, the VQDIF decoder converts the sequeBeeo

a deep implicit function, from which the surface reconstructibncan be extracted. To show the faithfulness of our reconstructions, we
super-impose the input point cloud on them. Please see the supplementary material for more architectural details.

Autoregressive models and Transformers Autoregres- 3. Method
sive models are generative models that aim to model dis-
tributions of high dimensional data by factoring the joint
probability distribution to a series of conditional distribu-
tions via the chain rule [4]. Using neural networks to pa-

rameterize the conditional distribution has been proved to ) L
be effective [29,63] in general, and more speci cally to im- of such mesip(MjP ) utilizing the power of Transform-

age generation [ ]. Transformers [66], known for ers. Instead of working directly on point clouds, meshes, or
their ability to model long-range dependencies through self- F6ature grids, we approximate shapes as short discrete se-

attentions, have shown the power of autoregressive modelSY€NCes (see Sec. 3.1) to greatly reduce both the number
in natural languages [ ], image generation [ 1. Con-Of variables and the variable bit size, which enables Trans-

trary to deterministic masked auto-encoders [33], Trans- formgrs to complete complex 3D shapes (see Se_(_:‘ 3'2)',
formers can produce diverse image completions [67] that Wl_th such compact representation, the conditional dis-
are sharp in masked regions by adopting the BERT [21] tribution become®(ScjSe ), whereSp andSc are the se-
training objective. In the 3D domain, autoregressive models dUénce encoding of the partial point cloud and the com-
have been used to learn the distribution of point clouds [60, Pl€t€ shape, respectively. Once such distribution is mod-
] and meshes [47]. However, these models can only gen-£/€d, we can sample multiple complete sequegzesrom
erate small point clouds or meshes restricted to 1024 ver-Which different surface reconstructiokt can be obtained
tices due to the lack of ef cient representation. In contrast, through decoding. This process is illustrated in Fig. 2.
by eliminating statistical redundancy, a compressed discrete3
representation enables generative models to focus on data”
dependencies at a more salient level [56, 64] and recently We propose VQDIF, whose goal is to approximate 3D
allows high-resolution image synthesis [24, 55]. Follow-up shapes with a shape dictionary, with each entry describing a
works utilize data sparsity to obtain even more compact rep-particular type of local shape part inside a cell of volumet-
resentations [22, 48]. We explore this direction in the con- ric grid G with resolutionR. With such a dictionary, shapes
text of surface completion. Concurrently with our work, can be encoded as short sequences of entry indices, describ-
AutoSDF [45] trains Transformers to complete and genera- ing the local shapes inside all non-empty grid cells, enabling
tion shapes with dense grid. And Point-BERT [73] adopts transformers to ef ciently model the global dependencies.
generative pre-training for several downstream tasks. We design an auto-encoder architecture to achieve this.
The encodeE rst maps the input point cloud to a 64 res-
olution feature grid with local-pooled PointNet and then
downsample it to resolutioR. Unlike the previous strat-
egy for image synthesis [24], the encoder parameters are

We model the shape completion problem as mapping a
partial point cloudP 2 RN 2 to a complete, watertight
meshM which matches the cloud. Since this is an ill-posed
problem, we seek to estimate the probabilistic distribution

1. Compact sequence encoding for 3D shapes



	. Introduction
	. Related Work
	. Method
	. Compact sequence encoding for 3D shapes
	. Sequence generation for shape completion

	. Results and Evaluation
	. Shape completion results
	. More results
	. Surface reconstruction with VQDIF

	. Conclusions
	. Implementation Details
	. Ambiguity measure for partial point cloud
	. Architectures
	. Details on training and sampling

	. More comparisons
	. More analysis

