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Abstract

The increased demand for tools that automate the 3D
content creation process led to tremendous progress in deep
generative models that can generate diverse 3D objects of
high fidelity. In this paper, we present PASTA, an autore-
gressive transformer architecture for generating high qual-
ity 3D shapes. PASTA comprises two main components: An
autoregressive transformer that generates objects as a se-
quence of cuboidal primitives and a blending network, im-
plemented with a transformer decoder that composes the
sequences of cuboids and synthesizes high quality meshes
for each object. Our model is trained in two stages: First
we train our autoregressive generative model using only an-
notated cuboidal parts as supervision and next, we train our
blending network using explicit 3D supervision, in the form
of watertight meshes. Evaluations on various ShapeNet ob-
Jjects showcase the ability of our model to perform shape
generation from diverse inputs e.g. from scratch, from a par-
tial object, from text and images, as well size-guided gen-
eration, by explicitly conditioning on a bounding box that
defines the object’s boundaries. Moreover, as our model
considers the underlying part-based structure of a 3D ob-
Jject, we are able to select a specific part and produce shapes
with meaningful variations of this part. As evidenced by our
experiments, our model generates 3D shapes that are both
more realistic and diverse than existing part-based and non
part-based methods, while at the same time is simpler to
implement and train.

1. Introduction

The ability to generate realistic and diverse 3D shapes has
the potential to significantly accommodate the workflow of
artists and content creators and potentially enable new lev-
els of creativity through “generative art” [5]. The tremen-
dous progress in generative modelling and implicit-based
representations gave rise to several works [10, 11, 28, 34,
92] that generate objects with high realism in terms of geo-
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Figure 1. Controllable Part-Aware 3D Shape Generation. We
propose a novel autoregressive architecture that can be used to
perform several editing tasks, such as generating novel shapes
from scratch, conditioned on a bounding box defining the object’s
boundaries, completing a 3D shape from a partial input, a text, an
image or bounding boxes of different sizes, as well as generating
plausible variations for specific parts of the object.
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metric details and texture. Nevertheless, as these pipelines
represent objects holistically, i.e. without taking into con-
sideration the underlying part-based structure of each ob-
ject, they only support few interactive applications that typ-
ically require deep technical knowledge of each model.
However, shape editing and manipulation involves control-
ling what parts of the object need to be changed. To en-
able this level of control, an active area of research pro-
poses to consider the decomposition of shapes into parts
[19,27,35,37,51, 65, 67, 110].

Existing part-based generative models, represent 3D
shapes as a collection of simple shapes parametrized with
cuboids [65, 67, 110, 122], spheres [35], implicit fields
[37, 110] or more general handles [27, 55], and seek
to synthesize new shapes in accordance to their underly-
ing structural understanding of the object. For example,
among the first to explore structure-based generative mod-
els were [50, 65] that utilized an autoencoder for generat-
ing structured shapes. Despite their impressive capabilities



on shape generation and interpolation neither can perform
shape completion from a partial input or generate plausible
part variations. Similarly, while [110, 122] can generate 3D
shapes as a sequences of parts, they need to train a separate
model for different editing tasks, namely the same model
cannot perform both shape generation and shape comple-
tion, which makes their approach impractical.

To address these limitations, we devise PASTA, a novel
part-aware generative model for 3D shapes. PASTA com-
prises two main components: An autoregressive trans-
former encoder that generates shapes as unordered sets of
parts and a blending network, implemented as a transformer
decoder that combines the part sequences and produces
high-quality meshes. Each component of our architecture
is trained independently. In particular, we optimize our
autoregressive transformer to maximize the log-likelihood
of all part arrangements in the dataset. Our supervision
comes in the form of part labels and 3D cuboids that spec-
ify the per-part size and pose. Unlike existing autoregres-
sive pipelines [79, 100] that are trained using teacher forc-
ing, we train PASTA using scheduled sampling [6, 62] and
showcase that it significantly improves the generation per-
formance of our model. To train our blending network, we
consider 3D supervision in the form of watertight meshes
and optimize it to reconstruct 3D shapes as implicit oc-
cupancy fields [60]. We evaluate the performance of our
model on several PartNet [66] objects and demonstrate that
our model can produce more realistic and diverse 3D ob-
jects in comparison to both part-based [79, 110] and non
part-based methods [14]. Furthermore, we showcase that
our model can generate meaningful part arrangements con-
ditioned on versatile user input Fig. | including but not lim-
ited to text and images.

In summary we make the following contributions: We
propose the first part-aware generative model using an au-
toregressive transformer architecture. Our experiments on
various PartNet objects [66] demonstrate that our model
generates more diverse and plausible 3D shapes in com-
parison to part-based [79, 110] and non part-based meth-
ods [14]. Furthermore, our simple, yet effective architec-
ture allows training a single model capable of performing
several editing operations, such as generating new objects
from scratch, generating part variations or completing par-
tial shapes.

2. Related Work

3D Representations Learning-based approaches for 3D re-
construction employ a neural network that learns a function
from the input to a mesh [33, 44, 52, 74, 106, 113], a point-
cloud [2, 25, 43, 84,98, 113], a voxel grid [7, 17, 26, 86, 87,
96, 111] or an implicit surface [14, 60, 61, 75, 89, 112]. Un-
like explicit representations that discretize the output space,
using voxels, points or mesh vertices, implicit representa-
tions represent shapes in the weights of a neural network
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Figure 2. Object Generator. Given a sequence of NV parts and a
bounding box B defining the object boundaries, the part encoder
s¢(+) maps each part p; and the bounding box to an embedding
vector. The bounding box’s embedding vector z g, the per-part em-
beddings {z;}/_, and a learnable embedding vector q are passed
to the transformer decoder that predicts a feature vector F used
to predict the attributes of the next part in the sequence. The part
decoder takes F and autoregressively predicts the attribute distri-
butions that are used to sample the attributes for the next part.

that learns a mapping between a query point and a con-
text vector to a signed distance value [4, 32, 61, 75, 97]
or a binary occupancy value [14, 60]. As these methods
require 3D supervision, several works propose combining
them with surface [71, 116] or volumetric [63] rendering
to learn the 3D object geometry and texture directly from
images. In this work, we introduce a part-aware generative
model that parametrizes shapes as an occupancy field [60].

Primitive-based Representations ~ Shape abstraction
techniques represent shapes using semantically consistent
part arrangements and seek to recover the 3D geometry us-
ing simple shapes such as cuboids [22, 50, 65, 72, 101, 122],
superquadrics [77, 78], convex solids [15, 18, 27], spheres
[35] and 3D Gaussians [29]. In recent work, [80] proposed
to represent objects as a family of homeomorphic mappings,
parametrized with an Invertible Neural Network (INN) [21].
Likewise, [30] suggested to represent 3D objects using a
structured set of implicit functions [29]. Another line of re-
search employs primitives to recover the 3D geometry using
CSG trees [93] or shape programs [23, 56, 99]. Very re-
cently [114, 115], explored learning primitive-based repre-
sentations only from images. Unlike these works that focus
on recovering the object geometry as a collection of parts,
we introduce a part-aware generative model that synthesizes
novel objects as a set of cuboidal primitives.

3D Generative Models Generative Adversarial Net-
works (GANS) [31] have demonstrated impressive capa-
bilities on several image synthesis [8, 16, 40, 45, 46] and
editing [3, 16, 42, 54, 95, 105, 107, 121] tasks. However,
adapting them to 3D content creation is non-trivial as they
ignore the 3D nature of the world and hence, lack an under-
standing of the object’s underlying geometry. To address
this, 3D-aware GANs proposed to incorporate 3D represen-
tations such as voxel grids [36, 69, 70] in generative settings



or combine them with differentiable renderers [53, 118]. As
an alternative, several works explored generating 3D shapes
as octrees [41], pointclouds [2, 9, 51, 59, 113, 119], meshes
[58, 68, 82, 83] and implicit functions [15, 60]. While
these methods yield realistic geometries, they do not con-
sider the part-based object structure. In contrast, we pro-
pose a part-aware generative model that generates shapes as
an unordered set of cuboids, which are then combined and
synthesize a high quality implicit shape.

Part-based Generative Models Our work falls into the
category of part-based generative models. Zou et al. [122]
was among the first to introduce a generative recurrent
model, parametrized with LSTMs [39] in combination with
a Mixture Density Network (MDN) to synthesize novel
objects as a set of cuboids. Concurrently, Li et al. [50]
proposed to represent shapes using a symmetry hierarchy,
which defines how parts are recursively grouped by symme-
try and assembled by connectivity [109]. In particular, they
utilize an RNN and generate objects as bounding box lay-
outs, which are then filled with voxelized parts. Likewise,
StructureNet [65] utilizes a VAE [48] and generates novel
shapes as n-ary graphs, where every node in the graph is
associated with a bounding box. Note that while [65] can
generate plausible new shapes, perform shape and part in-
terpolations, their model cannot be utilized for completion
from unconstrained inputs, e.g. a partial object. Further-
more, to perform shape editing, their model requires addi-
tional optimization steps in order to find a new shape in the
latent space that satisfies a specific edit. Concurrently, [67],
explored learning a latent space of structured shape differ-
ences, using pairs of structured shapes demonstrating a spe-
cific edit. Closely related to our work is PQ-NET [110]
that generates shapes autoregressively using an RNN au-
toencoder. The RNN encoder takes a 3D shape segmented
into parts and extracts per-part features, which are then fed
to the decoder that sequentially predicts parts that recon-
struct the input shape. To be able to generate new shapes,
they train a latent GAN [2] on the latent space of the autoen-
coder. Moreover, to perform different editing tasks, they
need to train different variants of their model. Instead, our
formulation allows applying a single model trained for ob-
ject completion on a variety of tasks. Furthermore, instead
of using an RNN, we employ an autoregressive transformer
that synthesizes objects as a sequence of cuboids, which are
passed to our blending network to produce the final high-
quality shape.

Autoregressive Transformers for Content Creation
Transformer-based architectures [104] have been exten-
sively utilized for various autoregressive tasks ranging from
machine translation [73, 94] to image [13, 24, 47, 76, 100]
and music [20] generation, as well as shape completion
[64, 117] and indoor scene synthesis [79, 108]. Similar
to ATISS [79], that is an autoregressive transformer for
scene synthesis, we pose object synthesis as an autoregres-

sST0S e

LT '
0] (0] [=0] [=0] ]’

llll

Occupancy
Probabilities

Transformer Decoder

f

Query Points

Figure 3. Blending Network. Given a sequence of N parts, the
part encoder maps them into embedding vectors {z;},. We
pass the per-part embedding vectors and a set of 3D query points
X to the transformer decoder that predicts the occupancy proba-
bilities for the query points.

sive prediction problem and generate objects as a sequence
of cuboids. However, unlike ATISS that is trained with
teacher forcing, we train our model using scheduled sam-
pling [6, 62] and showcase that it improves the generation
capabilities of our model.

3. Method

PASTA is a part-aware generative model for synthesizing
3D shapes. Our model comprises two main components that
are trained independently: An object generator that sequen-
tially generates objects as unordered sequences of labelled
parts, where each part is parametrized using a 3D cuboidal
primitive (Sec. 3.1), and a blending network that composes
part sequences in a meaningful way and synthesizes high
quality implicit shapes. The object generator is an autore-
gressive model trained to maximize the log-likelihood of
all possible part arrangements in the dataset. We use part-
level supervision in the form of part labels and 3D cuboids
that define the size and the pose of each part (Sec. 3.2).
The blending network is an occupancy network [60], im-
plemented with a transformer decoder that takes a sequence
of cuboids and a query 3D point and predicts whether this
point is inside or outside the surface boundaries (Sec. 3.3).
To train the blending network, we assume explicit 3D su-
pervision in the form of a watertight mesh.

3.1. Object Parametrization

We define each object S = {P, B} using a collection of
N parts, P = {p1,...,pn}, and a 3D bounding box B
that specifies the object’s boundaries. Each part is repre-
sented with a 3D labelled cuboid and is parametrized using
four values describing its label, size, translation and rota-
tion, p; = {c;,s;,t;,0;}. To model the label of each
part, i.e. the back or the arm of a chair, we use a categor-
ical distribution defined over the total number of part labels
in the dataset, whereas for the rest of the attributes we use
a mixture of logistic distributions [90, 102]. In our setup,
the rotation o; € RS is the 6D representation [120] of the



3D cuboid that contains the part. Likewise, the translation
t; € R? is the center of the 3D cuboid containing the part
and the size s; € R3 is its width, height and depth. Unlike
parts, the bounding box B is parameterized by 12 values
without a label: three for the size along each axis, three for
the translation (center of the box), and six for the rotation
(using a 6D representation).

Similar to ATISS [79], we predict the components of p;
autoregressively, namely part label first, followed by trans-
lation, rotation and size. Hence, the probability of generat-
ing the j-th part, conditioned on the previous parts and box
B becomes

p@(pj | P<js B) :pg(cj ‘p<j’ B)pg(tj|cj7p<j7 B)

Similar to ATISS [79], we implement our transformer
encoder Ty(-) as a multi-head attention transformer with-
out positional encoding [104], as we want to model ob-
jects as unordered sets of parts. Our transformer encoder
takes as input {z; }é\le the N embeddings for all parts in
the sequence, zp the embedding for the bounding box and
a learnable embedding vector g, which is used to predict the
feature vector F that will be used to generate the next part
in the sequence. More formally,

F =19 (z5,{z;}}_1,q) . )

The last component of the object generator is the part
decoder that takes as input the feature vector F and autore-
gressively predicts the attributes of the next part to be gen-

po(ojle;, ts,p<j, B)pg(sjles, tj, 05, p<j, B).erated. For the part label, we define a function cg(-), im-

ey
where p§, pl, pj and p§ are the probabilities for the respec-
tive attributes. Assuming a fixed ordering wrt. the part at-
tributes is reasonable, as we want our model to consider
the part label before predicting its pose and size. To com-
pute the likelihood of generating an object S, we estimate
the likelihood of autoregressively generating its parts P us-
ing any order, as [79] demonstrated that not having a fixed
ordering can be beneficial. Hence, the likelihood of gener-
ating an object S conditioned on a bounding box B is

pg(S‘B) = Z Hpe(pj ‘p<j’B)’ 2

Pen(P) jeP

where 7(+) is a permutation function that computes the set
of permutations of all object parts and P denotes an ordered
part sequence.

3.2. Object Generator

The input to our object generator is a set of objects in
the form of 3D labelled cuboids and their corresponding
bounding boxes. We implement our generator using an au-
toregressive transformer architecture similar to ATISS. The
transformer model takes as input a sequence of embedding
vectors that represent the conditioning sequence and gener-
ates the features F that will be used to predict the attributes
of the next part. We map the per-part attributes to embed-
ding vectors using a part encoder and the features F to part
attributes using a part decoder. Our model is illustrated in
Fig. 2.

The part encoder network sg(-) takes the attributes for
each part p; = {c;,s;, t;,0,} and maps them to an embed-
ding vector z;

z; = so( [N(c;);7(s5);7(t5);7(05)] ), 3)

where A(-) is a learnable embedding, (-) is a positional
encoding layer [104] that is applied separately on each at-
tribute’s dimension and [- ; -] denotes concatenation. To pre-
dict an embedding vector zp for B, we pass its attributes to

89()

plemented using a linear projection layer, that takes F' and
predicts the per-part label probability. We predict the size,
translation and rotation in two-stages. First, we cluster the
values of each attribute from the training set into 20 clus-
ters using K-Means. Subsequently, we predict a cluster for
each attribute, which is then used to predict the specific val-
ues. More formally, for the translation, we learn tfgoarse(-)
that predicts the per-cluster probability from F using a lin-
ear projection layer and ¢i"(-) that predicts the 7 x K pa-
rameters that define the mixture of logistics distribution for
the translation. Specifically, we have K parameters for the
mixing coefficients and 6 x K for the means and variances.
In a similar manner, we define 0§*°(-) and ofi"(-) to pre-
dict the 13 x K parameters that define the mixture of logis-
tics distribution for the rotation and s§°**(-) and sfi"(-) that
predict the 7 x K parameters that define the mixture of lo-
gistic distribution for the size. To predict the part attributes
in an autoregressive manner, we condition the prediction of
each attribute to the values of the previously predicted ones.
In practice, tgoarse(,), tgne(,)’ Ogoarse(,), Ogne(.), s(cgoarse(.) and
sfine(.) take as input F concatenated with the previously pre-
dicted attributes embedded by A(-) and ~y(+) from Eq. (3).

3.3. Blending Network

The input to the blending network is a sequence of labelled
cuboids and a set of 3D query points &X', for which we want
to predict their occupancy probabilities, namely whether
they lie inside or outside the surface boundaries. In detail,
our blending network consists of two main components: (i)
a part-encoder that maps the part attributes into an embed-
ding vector, which is implemented as discussed in Sec. 3.2
and (ii) a transformer decoder without self-attention that
takes the part embeddings and the query points and predicts
whether they are inside or outside the surface boundary (see
Fig. 3). The transformer comprises only cross attention lay-
ers and MLPs, thus, each query 3D point attends to the per-
part embeddings using cross attention, without attending to
the other points. The transformer output is passed to a linear
layer followed by a sigmoid non-linearity to get an occu-
pancy probability for each query point. We follow common
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Figure 4. Scheduled Sampling. Given an object with N parts,
we first randomly permute them and keep the first M parts (here
M = 3). We pass them to the object generator that predicts the
next part to be generated (red cube). The newly generated cuboid
is appended to the initial sequence with the M objects and passed
once again to the object generator, that predicts the next part to be
generated. Our loss function from Eq. (5) is computed between the
new part and the M + 2 part in the permutated sequence (yellow
cube).

practice and before passing the query points to the decoder
we map them to a higher dimensional space using positional
encoding [104].

3.4. Training and Inference

Unlike prior autoregressive models [79, 88] that are trained
with teacher forced embeddings, we train PASTA using
scheduled sampling [6]. The key idea is that during training
we feed our model with a mix of the teacher forced embed-
dings and the actual model’s predictions from the previous
generation step. In particular, we choose an object from the
dataset and apply the permutation function () on its ele-
ments. Next, we randomly select the first A/ objects and
pass them to the object generator that is used to predict the
next part. The newly generated part is appended to the ini-
tial sequence of M parts and passed once again to the ob-
ject generator to predict the attribute distribution of the next
part. Our model is trained to maximize the likelihood of the
M + 2 object in the permuted sequence. A pictorial repre-
sentation of our scheduled sampling is provided in Fig. 4.
We follow common practice and during training, we train
with both scheduled sampling and teacher forcing.

To train the object generator we follow [79] and maxi-
mize the likelihood of generating all possible part sequences
in the dataset D in all possible permutations, as follows

=3 > Dlogplps [p<; B 9
PED Pen(P) jeP

For the mixture of logistic distributions, we use the dis-

cretized mixture of logistics loss as defined in [102]. To
train the blending network, we assume 3D supervision in
the form of a watertight mesh, which we use to generate
a set of occupancy pairs X = {{x;,0;}}}_,, namely a
set of 3D points x; and their occupancy labels o;, denot-
ing whether x; lies inside or outside the object. We train
the blending network using a classification loss between the
predicted and the target occupancies. Note that the blending
network is trained using ground-truth part sequences.
During inference, we start from a bounding box B and
autoregressively sample the attribute values from the pre-
dicted distributions for the next part to be generated. Once
anew part is generated, it is used in the next generation step
until the end symbol is predicted. To indicate the end of se-
quence, we augment the part labels with an additional cat-
egory, which we refer to as end symbol. Once a complete
sequence of parts is generated, we pass it to the blending
network that combines them into a single implicit shape.

3.5. Conditional Generation

Here, we discuss how PASTA can be used to perform
language- and image-guided generation. Instead of con-
ditioning the generation only on the bounding box B, we
now condition also on a textual description of the shape
to be generated. In particular, we utilize the pre-trained
CLIP [85] model to extract text embeddings and pass them
to the transformer encoder as an additional input. Note that
during training the pre-trained CLIP text encoder remains
frozen, namely is not optimized with the rest of our net-
work. Once we train PASTA with text embeddings from
CLIP, we can use it, without any re-training, also for image-
guided generation. This is possible because the CLIP model
has a joint latent space for text and images. While, in our
experiments, we only demonstrate language- and image-
guided generations, our model can be extended to other
types of conditioning such as depth maps or pointclouds
etc. by utilizing an appropriate encoder that generates em-
beddings from the input.

4. Experimental Evaluation

In this section, we provide an extensive evaluation of our
method comparing it to relevant baselines. Additional re-
sults and implementation details are provided in the supple-
mentary.

Datasets We report results on three PartNet [66] cate-
gories: Chair, Table and Lamp, which contain 4489, 5705,
and 1554 shapes respectively. For the Chair category, there
are 47 different types of parts, while for the Lamp and the
Table we have 32 and 43 respectively. We train our model
and the part-based baselines using the part annotations and
train/test splits from PartNet. Moreover, for our model, we
use the object bounding boxes specified in PartNet.

Baselines In our evaluation, we include PQ-NET [110]
that is a generative model that generates 3D shapes using an



MMD-CD () COV-CD (%, 1)

Method Representation | oy e Tuple Lamp Al | Chair Table Lamp Al

IM-NET Implicit 349 265 407 4774|5576 5471 82.66 38.25
SPAGHETTI Implicit 422 347 427 4715024 49.63 87.11 432
AutoSDF Implicit 379 285 352 3885683 5561 8578 40.77
PQ-Net Implicit Parts | 4.49 394 373 4.82 | 4893 4644 7756 4041
ATISS Cuboids 5.03 427 414 6.09 | 4827 39.18 91.56 35.03

Ours-Parts Cuboids 371 323 407 3825732 5714 81.87 51.01
Ours Implicit 321 253 293 324 | 5773 56.80 88.88 50.89

Table 1. Shape Generation. We perform category-specific train-
ing (3rd-5th and 7th-9th columns) and joint training on multiple
object categories (6th and 10th columns) and report the MMD-CD
({) and the COV-CD (1) between generated and real shapes from
the test set.
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Figure 5. Shape Generation Results on Chairs. We show ran-
domly generated chairs using our model, ATISS, PQ-NET and IM-
NET.

RNN autoencoder, ATISS [79], which was originally intro-
duced for scene synthesis but can be easily adapted to part-
based object generation. In particular, instead of condition-
ing to a floor layout, we condition the generation on the ob-
ject’s bounding box, as for our model. Finally, we compare
with IM-NET [14], which is an implicit-based generative
model that does not reason about parts, hence not enabling
part-level control. We conduct additional quantitative com-
parison against SPAGHETTI [37]: a self-supervised neural
part-aware implicit field and AutoSDF: an autoregressive
prior for various 3D shapes generation tasks [64]. Unlike
PASTA, neither of these two methods directly utilizes se-
mantic part sequences with variable lengths.

Metrics To evaluate the quality of the generated shapes,
we report the Coverage Score (COV) and the Minimum
Matching Distance (MMD) [2] using the Chamfer-Lo dis-
tance (CD) between points sampled from real and generated
shapes. To compute these metrics wrt. our part-based rep-
resentation, we sample points on the surface of the union of
the generated cuboids.
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Figure 6. Shape Generation Results on Tables. We show ran-
domly generated tables using our model, ATISS, PQ-NET and IM-
NET.
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Figure 7. Shape Generation Results on Lamps. We showcase
randomly generated lamps using our model, ATISS, PQ-NET and
IM-NET.

4.1. Shape Generation

We evaluate the performance of our model on the shape
generation task on chairs, tables and lamps and perform
category-specific training for our model and the baselines.
Conditioned on different bounding boxes, our model can
successfully synthesize meaningful part arrangements (see
4th column in Fig. 5, Fig. 6 and Fig. 7), which are fed to
our blending network that combines them and yields plau-
sible 3D meshes (see 5th column in Fig. 5, Fig. 6 and
Fig. 7). We observe that PASTA consistently generates di-
verse and realistic part arrangements (Ours-Parts) for all ob-
ject categories, which are, in turn, converted into meshes
(Ours) that faithfully capture the initial part representation
with cuboids. On the contrary, ATISS struggles to synthe-
size meaningful part sequences, i.e. the synthesized part ar-
rangements consist of parts positioned in unnatural posi-
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Figure 8. Shape Generation Results. We show randomly gen-
erated chairs, tables and lamps using PASTA and our baselines,
trained jointly on multiple objects categories.

MMD-CD () COV-CD (%, 1)
Chair Table Lamp \ Chair Table Lamp

PQ-Net Implicit Parts | 4.69  3.64  4.55 | 3577 4231 53.33

Method Representation

ATISS Cuboids 433 340 590 | 44.57 4333 60.88
Ours-Parts Cuboids 343 266 572 | 5049 56.13 57.78
Ours Implicit 311 233 558 | 49.00 5856 51.00

Table 2. Shape Completion. We measure the MMD-CD (J) and
the COV-CD (1) between the part-based representations of com-
pleted and real shapes from the test set.

tions, especially for the case of chairs and tables. While
synthesized objects sampled from PQ-NET, IM-NET and
other implicit baselines are more realistic than the part ar-
rangements produced by ATISS, they lack diversity, as in-
dicated by the coverage score in Tab. 1. Note that our
model, even without the blending network (see Ours-Parts
in Tab. 1), outperforms both PQ-NET and ATISS on chairs
and tables on both metrics, while our complete architecture
(see Ours in Tab. 1) outperforms also IM-NET and other
implicit baselines on all object categories. For the case of
lamps, we observe that our model outperforms all baselines
wrt. MMD-CD, while performing on par with ATISS that
achieves the highest score wrt. COV-CD. We hypothesize
that ATISS performs better on the lamps category, as they
typically consist of fewer components, hence making train-
ing and inference easier.

Next, we evaluate our model and the baselines’ abili-
ties to generate plausible 3D shapes when jointly trained
on multiple object categories, without any class condition-
ing. Again our model consistently produces plausible part
arrangements that are more realistic and diverse than our
baselines, as validated by our quantitative analysis in Tab. |
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Figure 9. Shape Completion Results on Chairs. Starting from
partial chairs, we show completions of our model, ATISS and PQ-
NET.
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Figure 10. Shape Completion Results on Tables. Starting from
partial tables, we show completions of our model, ATISS and PQ-
NET.

(see 6th and 10th column). Fig. 8 provides a qualitative
comparison of six objects generated with our model and the
baselines.

4.2. Shape Completion

Starting from an incomplete sequence of parts, we evaluate
whether our model and our baselines can complete the input
sequence in a meaningful way. For this experiment, we only
consider our part-based baselines and all models are trained
in a category-specific manner. To ensure a fair compari-
son to PQ-NET, which is trained with 3D parts of arbitrary
geometries, instead of conditioning their generation on the
partial set of cuboids (illustrated in the 1st column of Fig. 9,
Fig. 10 and Fig. 11), that is used for PASTA and ATISS,
we utilize the corresponding 3D parts, that were used dur-
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Figure 11. Shape Completion Results on Lamps. Starting from
partial lamps, we show completions of our model, ATISS and PQ-
NET.
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A chair with four legs, A chair with four legs, A chair with four legs
a central support and  two horizontal and two — and two runners.

sofa-style arms. vertical bars.
A table with four legs A table with a central

A tgble with two
pedestals and a table and a large drawer at  support and a board.
the very top.

top.
A lamp with a light A lamp with a light

A lamp with a light

bulb inside a lamp bulb held by an arm bulb on top of a pole
shade, connected to which is supported by  and a base.
the ceiling. a base and a body.

Figure 12. Text-guided Shape Generation. Given different text
descriptions our model can generate plausible 3D shapes of chairs,
tables, and lamps.

ing PQ-NET’s training. From our qualitative evaluation, we
observe that both ATISS and PQ-NET tend to generate non-
realistic part arrangements, especially for the case of chairs
(see unnatural back part for the 3rd and 6th chairs in the
3rd column of Fig. 9) and tables (see missing leg in the 2nd
table in the 2nd column of Fig. 10). For the easier case of
lamps (see Fig. 11), we observe that all methods can com-
plete the partial object in a meaningful way. Note that, as
PQ-NET relies on a sequence-to-sequence autoencoder to
learn the part arrangements, there is no guarantee that the
completed shape will contain the parts used for condition-

ing (see 3rd+4th row in Fig. 9, 2nd row in Fig. 10). More-
over, while for PASTA, the same model is used for both
object completion and object generation, PQ-NET requires
training a different model to perform the completion task.

We show that our generations are consistently valid and
diverse. The quantitative results for this experiment are
summarized in Tab. 2. We note that our model outperforms
all baselines both on chairs and tables wrt. both metrics.
For the case of lamps, ATISS outperforms all methods wrt.
COV-CD, while being worse than all in terms of MMD-CD.
To demonstrate that PASTA generates diverse part arrange-
ments, we also visualize three generated completions of our
model conditioned on the same partial input in Supplement
9.2. We observe that our generations are consistently valid
and diverse.

4.3. Applications

In this section, we present several applications of our
model, such as conditional generation from text and images.
In both experiments, our model is trained in a category-
specific manner.

Language-guided Generation We use the part labels pro-
vided in PartNet [66] and generate utterances that describe
the part-based structure of each object. We train a variant
of our model that conditions on CLIP [85] embeddings pro-
duced from our textual descriptions in addition to the object
bounding box as described in Sec. 3.5. In Fig. 12, we pro-
vide text-guided generations of our model and observe that
they consistently match the input text (e.g. the table with the
two pedestals or the lamp connected to the ceiling).

Image-guided Generation: We showcase image-guided
generations using the above language-guided trained model
without any retraining in Supplement 9.5. We take advan-
tage of the CLIP’s joint latent space, and condition our
model on image embeddings. Although PASTA was never
trained with images, we show that it generates shapes of var-
ious object categories that faithfully match the input image.
The recovered parts capture fine geometric details, such as
the four horizontal connections of the first chair.

5. Conclusion

We introduced PASTA a part-aware generative model
for 3D shapes. Our architecture consists of two main
components: the object generator that autoregressively
generates objects as sequences of labelled cuboids and
the blending network that combines a sequence of
cuboidal primitives and synthesizes an implicit shape.
Unlike traditional autoregressive models that are trained
with teacher forcing, we demonstrate that relying on
scheduled sampling [6] improves the generation per-
formance of our model. Our experiments, showcase
that PASTA generates more meaningful part arrange-
ments and plausible 3D objects than both part-based
[79, 110] and non part-based generative models [14].
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