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Abstract

We address the problem of scene layout generation for
diverse domains such as images, mobile applications, doc-
uments, and 3D objects. Most complex scenes, natural
or human-designed, can be expressed as a meaningful ar-
rangement of simpler compositional graphical primitives.
Generating a new layout or extending an existing layout re-
quires understanding the relationships between these prim-
itives. To do this, we propose LayoutTransformer, a novel
framework that leverages self-attention to learn contextual
relationships between layout elements and generate novel
layouts in a given domain. Our framework allows us to
generate a new layout either from an empty set or from
an initial seed set of primitives, and can easily scale to
support an arbitrary of primitives per layout. Further-
more, our analyses show that the model is able to au-
tomatically capture the semantic properties of the primi-
tives. We propose simple improvements in both represen-
tation of layout primitives, as well as training methods to
demonstrate competitive performance in very diverse data
domains such as object bounding boxes in natural images
(COCO bounding box), documents (PubLayNet), mobile
applications (RICO dataset) as well as 3D shapes (Part-
Net). Code and other materials will be made available at
https://kampta.github.io/layout.

1. Introduction
In the real world, there exists a strong relationship be-

tween different objects that are found in the same environ-
ment [43, 47]. For example, a dining table usually has
chairs around it, a surfboard is found near the sea, horses
do not ride cars etc. [3] provided strong evidence in cogni-
tive neuroscience that perceiving and understanding a scene
involves two related processes: perception and comprehen-
sion. Perception deals with processing the visual signal
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(b) Generating 3D objects autoregressively

(a) Autoregressive 2D layout generation and downstream Layout-to-Image application

Figure 1: Our framework can synthesize layouts in diverse natural
as well as human designed data domains such as documents, mo-
bile app wireframes, natural scenes or 3D objects in a sequential
manner.

or the appearance of a scene. Comprehension deals with
understanding the schema of a scene, where this schema
(or layout) can be characterized by contextual relationships
(e.g., support, occlusion, and relative likelihood, position,
and size) between objects. For generative models that syn-
thesize scenes, this evidence underpins the importance of
two factors that contribute to the realism or plausibility of
a generated scene: layout, i.e., arrangement of different ob-
jects, and their appearance (in terms of pixels). Generating
a realistic scene necessitates both the factors to be plausible.

The advancements in the generative models for image
synthesis have primarily targeted plausibility of the appear-
ance signal by generating incredibly realistic images often
with a single entity such as faces [23, 24], or animals [4, 61].
In the case of large and complex scenes, with strong non-
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local relationships between different elements, most meth-
ods require proxy representations for layouts to be provided
as inputs (e.g., scene graph, segmentation mask, sentence).
We argue that to plausibly generate large scenes without
such proxies, it is necessary to understand and generate the
layout of a scene, in terms of contextual relationships be-
tween various objects present in the scene.

Learning to generate layouts is useful for several stand-
alone applications that require generating layouts or tem-
plates with/without user interaction. For instance, in the UI
design of mobile apps and websites, an automated model for
generating plausible layouts can significantly decrease the
manual effort and cost of building such apps and websites.
Finally, a model to create layouts can potentially help gen-
erate synthetic data for various tasks tasks [5, 6, 54, 55, 59].
Fig. 1 shows some of the layouts autoregressively generated
by our approach in various domains such as documents, mo-
bile apps, natural scenes, and 3D shapes.

Formally, a scene layout can be represented as an un-
ordered set of graphical primitives. The primitive itself can
be discrete or continuous depending on the data domain.
For example, in the case of layout of documents, primitives
can be bounding boxes from discrete classes such as ‘text’,
‘image’, or ‘caption’, and in case of 3D objects, primitives
can be 3D occupancy grids of parts of the object such as
‘arm’, ‘leg’, or ‘back’ in case of chairs. Additionally, in or-
der to make the primitives compositional, we represent each
primitive by a location vector with respect to the origin, and
a scale vector that defines the bounding box enclosing the
primitive. Again, based on the domain, these location and
scale vectors can be 2D or 3D. A generative model for lay-
outs should be able to look at all existing primitives and
propose the placement and attributes of a new one. We pro-
pose a novel framework LayoutTransformer that first maps
the different parameters of the primitive independently to a
fixed-length continuous latent vector, followed by a masked
Transformer decoder to look at representations of existing
primitives in layout and predict the next primitive (one pa-
rameter at a time). Our generative framework can start from
an empty set, or a set of primitives, and can iteratively gen-
erate a new primitive one parameter at a time. Moreover,
by predicting either to stop or to generate the next primi-
tive, our approach can generate variable length layouts. Our
main contributions can be summarized as follows:

• We propose LayoutTransformer a simple yet power-
ful auto-regressive model that can synthesize new lay-
outs, complete partial layouts, and compute likelihood
of existing layouts. Self-attention approach allows us
to visualize what existing elements are important for
generating the next category in the sequence.

• We model different attributes of layout elements sepa-
rately - doing so allows the attention module to more

easily focus on the attributes that matter. This is im-
portant especially in datasets with inherent symmetries
such as documents or apps and in contrast with exist-
ing approaches which concatenate or fuse different at-
tributes of layout primitives.

• We present an exciting finding – encouraging a model
to understand layouts results in feature representations
that capture the semantic relationships between objects
automatically (without explicitly using semantic em-
beddings, like word2vec [35]). This demonstrates the
utility of the task of layout generation as a proxy-task
for learning semantic representations,

• LayoutTransformer shows good performance with es-
sentially the same architecture and hyperpameters
across very diverse domains. We show the adaptabil-
ity of our model on four layout datasets: MNIST Lay-
out [29], Rico Mobile App Wireframes [9], PubLayNet
Documents [65], and COCO Bounding Boxes [32]. To
the best of our knowledge, MMA is the first frame-
work to perform competitively with the state-of-the-art
approaches in 4 diverse data domains.

2. Related Work
Generative models. Deep generative models based on
CNNs such as variational auto-encoders (VAEs) [26], and
generative adversarial networks (GANs) [11] have recently
shown a great promise in terms of faithfully learning a
given data distribution and sampling from it. There has also
been research on generating data sequentially [7, 37] even
when the data has no natural order [49]. Many of these ap-
proaches often rely on low-level information [14] such as
pixels while generating images [4, 24], videos [50], or 3D
objects [13, 38, 56, 58] and not on semantic and geometric
structure in the data.
Scene generation. Generating 2D or 3D scenes condi-
tioned on sentence [31, 40, 62], a scene graph [1, 21, 28], a
layout [10, 17, 20, 53] or an existing image [27] has drawn
a great interest in vision community. Given the input, some
works generate a fixed layout and diverse scenes [63], while
other works generate diverse layouts and scenes [21, 31].
These methods involve pipelines often trained and evalu-
ated end-to-end, and surprisingly little work has been done
to evaluate the layout generation component itself. Layout
generation serves as a complementary task to these works
and can be combined with these methods. In this work, we
evaluate the layout modeling capabilities of two of the re-
cent works [21, 31] that have layout generation as an inter-
mediate step. We also demonstrate the results of our model
with Layout2Im [63] for image generation.
Layout generation. The automatic generation of layouts is
an important problem in graphic design. Many of the recent
data-driven approaches use data specific constraints in order
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Figure 2: The architecture depicted for a toy example. LayoutTransformer takes layout elements as input and predicts the next layout
elements as output. During training, we use teacher forcing, i.e., use the ground-truth layout tokens as input to a multi-head decoder block.
The first layer of this block is a masked self-attention layer, which allows the model to see only the previous elements in order to predict
the current element. We pad each layout with a special ⟨bos⟩ token in the beginning and ⟨eos⟩ token in the end.

to model the layouts. For example, [30, 41, 51, 52] gener-
ates top-down view indoor rooms layouts but make several
assumptions regarding the presence of walls, roof etc., and
cannot be easily extended to other datasets. In this paper,
we focus on approaches that have fewer domain-specific
constraints. LayoutGAN [29] uses a GAN framework to
generate semantic and geometric properties of a fixed num-
ber of scene elements. LayoutVAE [22] starts with a la-
bel set, i.e., categories of all the elements present in the
layout, and then generates a feasible layout of the scene.
[64] attempt to generate document layouts given the im-
ages, keywords, and category of the document. [39] pro-
poses a method to construct hierarchies of document lay-
outs using a recursive variational autoencoder and sample
new hierarchies to generate new document layouts. [34]
develops an auto-encoding framework for layouts using
Graph Networks. 3D-PRNN [66], PQ-Net [57] and Com-
plementMe [45], generates 3D shapes via sequential part as-
sembly. While 3D-PRNN generates only bounding boxes,
PQ-Net and ComplementMe can synthesize complete 3D
shapes starting with a partial or no input shape.

Our approach offers several advantages over current lay-
out generation approaches without sacrificing their bene-
fits. By factorizing primitives into structural parameters
and compositional geometric parameters, we can generate
high-resolution primitives using distributed representations
and consequently, complete scenes. The autoregressive na-
ture of the model allows us to generate layouts of arbitrary
lengths as well as start with partial layouts. Further, mod-
eling the position and size of primitives as discrete values

(as discussed in §3.1) helps us realize better performance
on datasets, such as documents and app wireframes, where
bounding boxes of layouts are typically axis-aligned. We
evaluate our method both quantitatively and qualitatively
with state-of-the-art methods specific to each dataset and
show competitive results in very diverse domains.

3. Our Approach

In this section, we introduce our attention network in
the context of the layout generation problem. We first dis-
cuss our representation of layouts for primitives belonging
to different domains. Next, we discuss the LayoutTrans-
former framework and show how we can leverage Trans-
formers [48] to model the probability distribution of lay-
outs. MMA allows us to learn non-local semantic relation-
ships between layout primitives and also gives us the flexi-
bility to work with variable length layouts.

3.1. Layout Representation

Given a dataset of layouts, a single layout instance can
be defined as a graph G with n nodes, where each node
i ∈ {1, . . . , n} is a graphical primitive. We assume that the
graph is fully-connected, and let the attention network learn
the relationship between nodes. The nodes can have struc-
tural or semantic information associated with them. For
each node, we project the information associated with it to a
d-dimensional space represented by feature vector si. Note
that the information itself can be discrete (e.g., part cate-
gory), continuous (e.g., color), or multidimensional vectors



(e.g., signed distance function of the part) on some man-
ifold. Specifically, in our ShapeNet experiments, we use
an MLP to project part embedding to d-dimensional space,
while in the 2D layout experiments, we use a learned d-
dimensional category embedding which is equivalent to us-
ing an MLP with zero bias to project one-hot encoded cate-
gory vectors to the latent space.

Each primitive also carries geometric information gi

which we factorize into a position vector and a scale vec-
tor. For the layouts in R2 such as images or documents,
gi = [xi, yi, hi, wi], where (x, y) are the coordinates of the
centroid of primitive and (h,w) are the height and width of
the bounding box containing the primitive, normalized with
respect to the dimensions of the entire layout.
Representing geometry with discrete variables. We ap-
ply an 8-bit uniform quantization on each of the geometric
fields and model them using Categorical distribution. Dis-
cretizing continuous signals is a practice adopted in previ-
ous works for image generation such as PixelCNN++ [42],
however, to the best of our knowledge, it has been unex-
plored in the layout modeling task. We observe that even
though discretizing coordinates introduces approximation
errors, it allows us to express arbitrary distributions which
we find particularly important for layouts with strong sym-
metries such as documents and app wireframes. We project
each geometric field of the primitive independently to the
same d-dimension, such that ith primitive in R2 can be rep-
resented as (si,xi,yi,hi,wi). We concatenate all the ele-
ments in a flattened sequence of their parameters. We also
append embeddings of two additional parameters s⟨bos⟩ and
s⟨eos⟩ to denote start & end of sequence. Layout in R2 can
now be represented by a sequence of 5n+ 2 latent vectors.

G = (s⟨bos⟩; s1;x1;y1;h1;w1; . . . ; sn;xn;yn;hn;wn; s⟨eos⟩)

For brevity, we use θj , j ∈ {1, . . . , 5n+ 2} to represent
any element in the above sequence. We can now pose the
problem of modeling this joint distribution as product over
series of conditional distributions using chain rule:

p(θ1:5n+2) =

5n+2∏
j=1

p(θj |θ1:j−1) (1)

3.2. Model architecture and training

Our overall architecture is shown in Fig. 2. Given
an initial set of K visible primitives (where K can be 0
when generating from scratch), our attention based model
takes as input, a random permutation of the visible nodes,
π = (π1, . . . , πK), and consequently a sequence of d-
dimensional vectors (θ1, . . . ,θ5K). We find this to be an
important step since by factorizing primitive representation
into geometry and structure fields, our attention module can

explicitly assign weights to individual coordinate dimen-
sions. The attention module is similar to Transformer De-
coder [48] & consists of L attention layers, each comprising
of (a) a masked multi-head attention layer (hattn), and (b)
fully connected feed forward layer (hfc). Each sublayer also
adds residual connections [16] and LayerNorm [2].

θ̂j = LayerNorm(θl−1
j + hattn(θl−1

1 , . . . ,θl−1
j−1)) (2)

θl
j = LayerNorm(θ̂j + hfc(θ̂j)) (3)

where l denotes the layer index. Masking is performed such
that θ only attends to all the input latent vectors as well
as previous predicted latent vectors. The output at the last
layer corresponds to next parameter. At training and val-
idation time, we use teacher forcing, i.e., instead of using
output of previous step, we use groundtruth sequences to
train our model efficiently.

Loss. We use a softmax layer to get probabilities if the
next parameter is discrete. Instead of using a standard cross-
entropy loss, we minimize KL-Divergence between soft-
max predictions and output one-hot distribution with Label
Smoothing [46], which prevents the model from becoming
overconfident. If the next parameter is continuous, we use
an L1 loss.

L = Eθ∼Disc.[ DKL(SoftMax(θL) ∥ p(θ′)) ]

+ λEθ∼Cont.[ ||θ − θ′||1 ]

3D Primitive Auto-encoding. PartNet dataset [60] consists
of 3D objects decomposed into simpler meaningful prim-
itives, such as chairs are composed of back, arms, 4 legs,
and so on. We pose the problem of 3D shape generation
as generating a layout of such primitives. We use [8]’s ap-
proach to first encode voxel-based represent of primitive to
d-dimensional latent space using 3D CNN. An MLP based
implicit parameter decoder projects the latent vector to the
surface occupancy grid of the primitive.
Order of primitives. One of the limitations of an autore-
gressive modeling approach is that sequence of primitives
is an important consideration, in order to train the genera-
tive model, even if the layout doesn’t have a natural defined
order [49]. To generate a layout from any partial layout,
we use a random permutation of primitives as input to the
model. For the output, we always generate the sequences
in raster order of centroid of primitives, i.e., we order the
primitives in ascending order of their (x, y, z) coordinates.
In our experiments, we observed that the ordering of ele-
ments is important for model training. Note that similar
limitations are faced by contemporary works in layout gen-
eration [19, 22, 31, 52], image generation [12, 42] and 3D
shape generation [57, 66]. Generating a distribution over an
order-invariant set of an arbitrary number of primitives is an
exciting problem and we will explore it in future research.



Figure 3: Generated 3D objects. Top row shows input primitives to the model. Bottom row shows the layout obtained by our approach.

Other details. In our base model, we use d = 512, L = 6,
and nhead = 8 (number of multi-attention heads). Label
smoothing uses an ϵ = 0.1, and λ = 1. We use Adam opti-
mizer [25] with β1 = 0.9, β2 = 0.99 and learning rate 10−4

(10−5 for PartNet). We use early stopping based on valida-
tion loss. In the ablation studies provided in appendix, we
show that our model is quite robust to these choices, as well
as other hyperparameters (layout resolution, ordering of el-
ements, ordering of fields). To sample a new layout, we can
start off with just a start of sequence embedding or an initial
set of primitives. Several decoding strategies are possible to
recursively generate primitives from the initial set. In sam-
ples generated for this work, unless otherwise specified, we
have used nucleus sampling [18], with top-p = 0.9 which
has been shown to perform better as compared to greedy
sampling and beam search [44].

4. Experiments

In this section, we discuss the qualitative and quantitative
performance of our model on different datasets. Evaluation
of generative models is hard, and most quantitative mea-
sures fail in providing a good measure of novelty and real-
ism of data sampled from a generative model. We will use
dataset-specific quantitative metrics used by various base-
line approaches and discuss their limitations wherever ap-
plicable. We will provide the code and pretrained models to
reproduce the experiments.

4.1. 3D Shape synthesis (on PartNet dataset)

PartNet is a large-scale dataset of common 3D shapes
that are segmented into semantically meaningful parts. We
use two of the largest categories of PartNet - Chairs and
Lamp. We voxelize the shapes into 643 and train an au-
toencoder to learn part embeddings similar to the procedure
followed by PQ-Net [57]. Overall, we had 6305 chairs and
1188 lamps in our datasets. We use the official train, vali-
dation, & test split from PartNet. Although it is fairly trivial
to extend our method to train for the class-conditional gen-

eration of shapes, in order to compare with baselines fairly,
we train separate models for each of the categories.
Generated Samples. Fig. 3 shows examples of shape com-
pletion from the PartNet dataset. Given a random primitive,
we use our model to iteratively predict the latent shape en-
coding of the next part, as well its position and scale in 3D.
We then use the part decoder to sample points on the surface
of the object. For visualization, we use the marching cubes
algorithm to generate a mesh and render the mesh using a
fixed camera viewpoint.
Quantitative Evaluation. The output of our model is point
clouds sampled on the surface of the 3D shapes. We use
Chamfer Distance (CD) and Earth Mover’s Distance (EMD)
to compare two point clouds. Following prior work, we use
4 different metrics to compare the distribution of shapes
generated from the model and shapes in the test dataset:
(i) Jensen Shannon Divergence (JSD) computes the KL di-
vergence between marginal distribution of point clouds in
generated set and test set, (ii) Coverage (Cov) - compares
the distance between each point in generated set to its near-
est neighbor in test set, (iii) Minimum Matching Distance
(MMD) - computes the average distance of each point in
test set to its nearest neighbor in generated set, and (iv) 1-
nearest neighbor accuracy (1-NNA) uses a 1-NN classifier
see if the nearest neighbor of a generated sample is coming
from generated set or test set. Our model performs compet-
itively with existing approaches to generate point clouds.
Table 1 shows the generative performance of our model in
the ‘Chair’ category, with respect to recent proposed ap-
proaches. Our model’s performance is either the best or
second-best in all the metrics we evaluated in this work.

4.2. Layouts for natural scenes

COCO bounding boxes dataset is obtained using bound-
ing box annotations in COCO Panoptic 2017 dataset [32].
We ignore the images where the isCrowd flag is true fol-
lowing the LayoutVAE [22] approach. The bounding boxes
come from all 80 thing and 91 stuff categories. Our final
dataset has 118280 layouts from COCO train split with a



Table 1: Evaluation of generated shapes in Chair category. The best numbers are in bold, second-best are underlined

Method JSD↓ MMD(CD)↓ MMD(EMD)↓ Cov(CD)↑ Cov(EMD)↑ 1-NNA(CD)↓ 1-NNA(EMD)↓

PointFlow [58] 1.74 2.42 7.87 46.83 46.98 60.88 59.89
StructureNet [36] 4.77 0.97 15.24 29.67 31.7 75.32 74.22
IM-Net [8] 0.84 0.74 12.28 52.35 54.12 68.52 67.12
PQ-Net [57] 0.83 0.83 14.16 54.91 60.72 71.31 67.8
Ours 0.81 0.79 7.38 55.25 55.44 60.67 59.11

In
pu

t L
ay

ou
t

C
om

pl
et

ed
 L

ay
ou

t

Figure 4: Generated layouts. Top row shows seed layouts input
to the model. Bottom row shows the layout obtained with nucleus
sampling. We skip the ‘stuff’ bounding boxes for clarity.

median length of 42 elements and 5000 layouts from COCO
valid split with a median length of 33. We use the official
validation split from COCO as test set in our experiments,
and use 5% of the training data as validation.
Baseline Approaches. We compare our work with 4 pre-
vious methods - LayoutGAN[29], LayoutVAE [22], Obj-
GAN [31], and sg2im [21]. Since LayoutVAE and Layout-
GAN are not open source, we implemented our own version
of these baseline. Note that, like many GAN models, Lay-
outGAN was notoriously hard to train and our implemen-
tation (and hence results) might differ from author’s imple-
mentation despite our best efforts. We were able to repro-
duce LayoutVAE’s results on COCO dataset as proposed
in the original paper and train our own models for differ-
ent datasets. We also re-purpose ObjGAN and sg2im using
guidelines mentioned in LayoutVAE.

Although evaluating generative models is challenging,
we attempt to do a fair comparison to the best of our abil-
ities. For our model, we keep architecture hyperparame-
ters same across the datasets. For the baselines, we did a
grid search over hyperparameters mentioned in the respec-
tive works & chose the best models according to validation
loss. Some ablation studies are provided in the appendix.
Generated Samples. Fig. 4 shows layout completion task
using our model on COCO dataset. Although the model is
trained with all 171 categories, in the figure we only show
‘thing’ categories for clarity. We also use the generated lay-
outs for a downstream application of scene generation [63].
Semantics Emerge via Layout. We posited earlier that
capturing layout should capture contextual relationships be-
tween various elements. We provide further evidence of
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Figure 5: Downstream task. Image generation with layouts [63].
FID and IS scores for the generated images provided in Table 3.

our argument in Fig. 6. We visualize the 2D-tsne plot of
the learned embeddings for categories. We observe that
super-categories from COCO are clustered together in the
embedding space of the model. Certain categories such as
window-blind and curtain (which belong to different super-
categories) also appear close to each other. These observa-
tions are in line with observations made by [15] who use
visual co-occurence to learn category embeddings. Table 2
shows word2vec [35] style analogies being captured by em-
beddings learned by our model. Note that the model was
trained to generate layouts and we did not specify any addi-
tional objective function for analogical reasoning task.

Finally, we also plot distribution of centers of bounding
boxes for various categories in Fig. 7. y−coordinates of
box centers are intuitive since categories such as ‘sky’ or
‘airplane’ are often on top of the image, while ‘sea’ and
‘road’ are at the bottom. This trend is observed in both real
and generated layouts. x− coordinates of bounding boxes
are more spread out and do not show such a trend.
Quantitative evaluation. Following the approach of Lay-
outVAE, we compute negative log-likelihoods (NLL) of all
the layouts in validation data using importance sampling.
NLL approach is good for evaluating validation samples,
but fails for generated samples. Ideally, we would like to
evaluate the performance of a generative model on a down-
stream task. To this end, we employ Layout2Im [63] to
generate an image from the layouts generated by each of the
method. We compute Inception Score (IS) and Fréchet In-
ception Distance (FID) to compare quality and diversity of
generated images. Our method is competitive with existing
approaches in both these metrics, and outperforms existing
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Figure 6: TSNE plot of learned category embeddings. Words are
colored by their super-categories provided in the COCO. Observe
that semantically similar categories cluster together. Cats and dogs
are closer as compared to sheep, zebra, or cow.

Table 2: Analogies. We demonstrate linguistic nuances being cap-
tured by our category embeddings by attempting word2vec [35]
style analogies.

Analogy Nearest neighbors

snowboard:snow::surfboard:? waterdrops, sea, sand
car:road::train:? railroad, platform, gravel

sky-other:clouds::playingfield:? net, cage, wall-panel
mouse:keyboard::spoon:? knife, fork, oven

fruit:table::flower:? potted plant, mirror-stuff

approaches in terms of NLL.
Note that ObjGAN and LayoutVAE are conditioned on

the label set. So we provide labels of objects present in
the each validation layout as input. The task for the model
is to then predict the number and postition of these ob-
jects. Hence, these methods have unfair advantage over
our method and ObjGAN indeed performs better than our
method and LayoutGAN, which are unconditional. We
clearly outperform LayoutGAN on IS and FID metrics.

4.3. Layouts for Apps and Documents

Rico Mobile App Wireframes. Rico mobile app dataset [9,
33] consists of layout information of more than 66000
unique UI screens from over 9300 android apps. Each lay-
out consists of one or more of the 25 categories of graphical
elements such as text, image, icon, etc.. A complete list
elements is provided in the supplementary material. Over-
all, we get 62951 layouts in Rico with a median length of
36. Since the dataset does not have official splits, we use
5% of randomly selected layouts for validation and 15% for
testing.
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Figure 7: Distribution of xy-coordinates of bounding boxes cen-
ters. Distributions for generated and real layouts is similar. The
y-coordinate tends to be more informative (e.g., sky on the top,
road and sea at the bottom)

Table 3: Quantitative Evaluations on COCO. Negative log-
likelihood (NLL) of all the layouts in the validation set (lower
the better). We use the importance sampling approach described
in [22] to compute. We also generated images from layout using
[63] and compute IS and FID. Following [21], we randomly split
test set samples into 5 groups and report standard deviation across
the splits. The mean is reported using the combined test set.

Model NLL ↓ IS ↑ FID ↓
LayoutGAN [29] - 3.2 (0.22) 89.6 (1.6)
LayoutVAE [22] 3.29 7.1 (0.41) 64.1 (3.8)
ObjGAN [31] 5.24 7.5 (0.44) 62.3 (4.6)
sg2im [21] 3.4 3.3 (0.15) 85.8 (1.6)
Ours 2.28 7.6 (0.30) 57.0 (3.5)

PubLayNet. PubLayNet [65] is a large scale document
dataset consisting of over 1.1 million articles collected from
PubMed Central. The layouts are annotated with 5 element
categories - text, title, list, label, and figure. We filter out
the document layouts with over 128 elements. Our final
dataset has 335703 layouts from official train split with a
median length of 33 elements and 11245 layouts from dev
split with a median length of 36. We use the dev split as our
test set and 5% of the training data for validation.
Generated layout samples. Fig. 8 and 10 shows some
of the generated samples of our model from RICO mobile
app wireframes and PubLayNet documents. Note that both
the datasets share similarity in terms of distribution of ele-
ments, such as high coverage in terms of space, very little
collision of elements, and most importantly alignment of
the elements along both x and y-axes. Our method is able
to preserve most of these properties as we discuss in the
next section. Fig. 9 shows multiple completions done by
our model for the same initial element.
Comparison with baselines. We use the same baselines
discussed in §4.2. Fig. 10 shows that our method is able
to preserve alignment between bounding boxes better than
competing methods. Note that we haven’t used any post-
processing in order to generate these layouts. Our hypothe-
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Figure 8: RICO layouts. Generated layouts for the RICO dataset.
We skip the categories of bounding boxes for the sake of clarity.

Initial Layout Completion 1 Completion 3Completion 2

Figure 9: Multiple completions from same initial element

sis is that (1) discretization of size/position, and (2) decou-
pling geometric fields in the attention module, are particu-
larly useful in datasets with aligned boxes.

To measure this performance quantitatively, we intro-
duce 2 important statistics. Overlap represents the intersec-
tion over union (IoU) of various layout elements. Generally
in these datasets, elements do not overap with each other
and Overlap is small. Coverage indicates the percentage of
canvas covered by the layout elements. Table 4 shows that
layouts generated by our method resemble real data statis-
tics better than LayoutGAN and LayoutVAE.

4.4. Failure Cases

Our model has a few failure cases, e.g., in Fig. 3 in the
third object (lamp), the parts are not connected - demon-
strating a limitation of our approach arising from training
the part auto-encoder and layout generator separately (and
not jointly). Similarly, in 2D domains such as COCO, we
observe that the model is biased towards generating high
frequency categories in the beginning of the generation.
This is illustrated in Fig. 7, which shows difference in dis-
tribution of real & generated layouts for persons and cars.

5. Conclusion.
We propose LayoutTransformer, a self-attention frame-

work to generate layouts of graphical elements. Our model
uses self-attention model to capture contextual relationship
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Figure 10: Document Layouts. Generated samples LayoutVAE
(top) and our method (bottom). Our method produces aligned
bounding boxes for various elements.

Table 4: Spatial distribution analysis for the samples generated us-
ing model trained on RICO and PubLayNet dataset. Closer the
Overlap and Coverage values to real data, better is the perfor-
mance. All values in the table are percentages (std in parenthesis)

RICO PubLayNet

Methods NLL↓ Coverage Overlap NLL↓ Coverage Overlap.

sg2im [21] 7.43 25.2 (46) 16.5 (31) 7.12 30.2 (26) 3.4 (12)
ObjGAN [31] 4.21 39.2 (33) 36.4 (29) 4.20 38.9 (12) 8.2 (7)
LayoutVAE [22] 2.54 41.5 (29) 34.1 (27) 2.45 40.1 (11) 14.5 (11)
LayoutGAN [29] - 37.3 (31) 31.4 (32) - 45.3 (19) 8.3 (10)
Ours 1.07 33.6 (27) 23.7 (33) 1.10 47.0 (12) 0.13 (1.5)
Real Data - 36.6 (27) 22.4 (32) - 57.1 (10) 0.1 (0.6)

between different layout elements and generate novel lay-
outs, or complete partial layouts. By modeling layout prim-
itives as joint distribution of composable attributes, our
model performs competitively with the state-of-the-art ap-
proaches for very diverse datasets such as Rico Mobile
App Wireframes, COCO bounding boxes, PubLayNet doc-
uments, and 3D shapes. We perform a comprehensive qual-
itative and quantitative evaluation of our model in various
domains. We will release our code and models and hope
that our model will provide a good starting point for layout
modeling applications in various data domains.

There are a few noteworthy limitations of our approach.
First, our model requires a layout or a scene to be decom-
posed into compositional primitives. In many cases, such
primitives might not be even defined. Second, like most
data-driven approaches, generated layouts are dominated by
high frequency objects or shapes in the dataset. We can
control the diversity to some extent using improved sam-
pling techniques, however, generating diverse layouts that
not only learn from data, but also from human priors or pre-
defined rules is an important direction of research which we
will continue to explore.
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