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Design Order Guided Visual Note Layout
Optimization

Xiaotian Qiao, Ying Cao, and Rynson W.H. Lau

Abstract—With the goal of making contents easy to understand, memorize and share, a clear and easy-to-follow layout is important
for visual notes. Unfortunately, since visual notes are often taken by the designers in real time while watching a video or listening to a
presentation, the contents are usually not carefully structured, resulting in layouts that may be difficult for others to follow. In this paper,
we address this problem by proposing a novel approach to automatically optimize the layouts of visual notes. Our approach predicts
the design order of a visual note and then warps the contents along the predicted design order such that the visual note can be easier
to follow and understand. At the core of our approach is a learning-based framework to reason about the element-wise design orders of
visual notes. In particular, we first propose a hierarchical LSTM-based architecture to predict a grid-based design order of the visual
note, based on the graphical and textual information. We then derive the element-wise order from the grid-based prediction. Such an
idea allows our network to be weakly-supervised, i.e., making it possible to predict dense grid-based orders from visual notes with only
coarse annotations. We evaluate the effectiveness of our approach on visual notes with diverse content densities and layouts. The
results show that our network can predict plausible design orders for various types of visual notes and our approach can effectively
optimize their layouts in order for them to be easier to follow.

Index Terms—visual note, design order, layout optimization
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1 INTRODUCTION

V ISUAL notes, which use a combination of graphical and
textual (i.e., content) elements to capture and share ideas,

have become a popular way to create powerful visual narratives for
a wide range of events (e.g., conferences, workshops or meetings)
[1], [2]. As stated in the dual coding theory [3] and the study
by [4], the pairing of graphical and textual elements in visual
notes can lead to a profound increase in retention and recollection.
Therefore, visual notes can be versatile tools with many real
applications. For example, they can be used to summarize the key-
points of a presentation or drive engagement in a business event
[5]. They can also serve as a key time saver in the design process
when illustrating or exploring various ideas [6], [7], [8].

Visual notes are meant to be shared with others, and thus
must be understandable by the intended readers. To achieve this,
a clear and easy-to-follow layout structure is necessary. However,
to create a visual note, designers often write down and draw ideas
in real time as they are listening to a presentation/talk or watching
a video. Thus, given the task of summarizing and abstracting
the main points, designers typically lack the full picture of the
contents and have limited time in planning the layout of the
contents, resulting in some undesirable layouts that are difficult
for average people to follow. Without arranging the elements in a
clear way or using any guidance, readers will have to focus their
concentration more on finding out how to read the content, instead
of reading the content itself [9]. As an example, while one may
have a pleasant reading experience on a well-structured visual note
as shown in Figure 1(a), he/she may have a hard time figuring out
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Fig. 1: Examples of visual notes with large layout variations. (a) A
well-structured visual note. (b) An irregular-structured visual note
that is difficult for readers to follow.

which element to read on a visual note with an irregular layout
structure as shown in Figure 1(b).

In this paper, we study the problem of layout optimization for
visual notes. Given a visual note, we rearrange its elements so that
it becomes more efficient to read and understand. Our basic idea
is to infer the hidden sequential order of visual note elements
that the designer expects readers to follow (referred to as the
design order in our context). We can then refine the layout of the
visual note based on the predicted design order, so that it becomes
easier for readers to follow. The key challenge of this goal is to
reason about the design order, which is vital to comprehending the
contents and having a pleasant reading experience [10], [11]. As
shown in Figure 1, visual notes have large variations in element
location, shape and number. This hinders the use of any prior
layout knowledge for order reasoning. In addition, comprehending
the contents requires understanding not only high-level semantics
of elements, but also the complex relationship between graphical
and textual elements [12], [13], [14].

To address the challenge, we propose a learning-based frame-
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work for predicting element-wise design orders of visual notes.
However, instead of directly learning to predict element-wise
order, which requires a lot of human supervision and suffers
from learning inefficiency, we propose a novel, hierarchical Long
Short-Term Memory (LSTM) network to first predict the design
order over a grid of cells on the visual note at local- and global-
levels, and then predict the design order over the elements. The
introduction of this grid-based, hierarchical formulation allows
for efficient end-to-end learning of our network from a set of
visual notes with only coarse annotations. In addition, we propose
to adaptively combine graphical and textual representations via
a dynamic weighting scheme, which allows our model to learn
an optimal strategy to selectively leverage graphical and textual
information, for content understanding and order prediction.

We have conducted extensive qualitative and quantitative ex-
periments to evaluate the effectiveness of our approach on a testing
dataset with diverse content densities and layouts. We first show
that our layout optimization approach can generate well-structured
visual notes that have better readability than the original ones.
We then demonstrate that our order prediction model can predict
plausible design orders and is generic enough to handle other types
of graphic designs (e.g., webpages and magazines). Finally, we
show that our model can be applied to layout rearrangement and
re-targeting based on different template orders to produce various
plausible visual notes.

In summary, our main contributions are:

• To our knowledge, we make the first effort to solve the
automatic layout optimization problem of visual notes for
better readability.

• We propose a learning-based framework to reason about the
design order over elements on the visual note. It is based on a
weakly supervised, hierarchical LSTM network that can learn
to predict dense grid-based design order with only coarse
annotations.

• We demonstrate that our model is generic enough to handle
other types of graphic designs, and supports template-based
rearrangement and re-targeting applications.

2 RELATED WORK

To the best of our knowledge, we are the first to study the design
order prediction problem for optimizing the layouts of visual
notes. We review the most relevant works below.

Visual Scanpath Modeling. Predicting visual scanpaths (i.e.,
temporal behaviors of eye movements) on natural images and
webpages has been widely studied. Itti et al. [15] proposed the first
model using winner-take-all (WTA) and inhibition of return (IoR)
on saliency maps to simulate eye movements. Based on the Levy
distribution of saccade magnitudes, stochastic models [16], [17]
were proposed for scanpath prediction. Wang et al. [18] predicted
eye gaze paths by modeling reference sensory responses, fovea
periphery resolution discrepancy, and visual working memory. Liu
et al. [19] integrated semantic and saliency information with a
Hidden Markov Model (HMM) to estimate readers’ scanpaths on
images. Xia et al. [20] generated complete scanpaths by iteratively
predicting fixations and updating the learned representation. Xia
et al. [21] further proposed a saccadic model for webpages to
investigate human dynamic eye movements. Siris et al. [22] pro-
posed a model to leverage both bottom-up and top-down attention
mechanisms to predict humans’ attention shift on an input image.

Reinforcement learning [23] and convolutional LSTM [24] were
also used to learn visual attention behaviors.

Our ultimate goal of this work is fundamentally different
from these prior works. Instead of predicting the reading orders
(i.e., the readers’ actual scanpaths on visual notes), we aim to
automatically infer the design orders (i.e., the paths that the
designers expect readers to follow). While the reading orders
reflect readers’ attention behaviors, the design orders represent
designers’ high-level intention upon readers.

Graphic Design Layout. Layout is a fundamental component
in graphic design. Over the past few years, researchers have
made impressive progress in layout synthesis for various types
of graphic designs, such as documents, comics, magazines.

Early works developed layout models based on design tem-
plates and optimization techniques to find an optimal layout that
could satisfy domain-specific criteria. Hurst et al. [25] reviewed
related works on textual document formatting, including micro-
and macro-typographic aspects of layouts. Jacobs et al. [26]
adjusted online document layouts to different devices by encoding
the layout properties in a set of templates. These templates
require a lot of professional knowledge and manual efforts to
construct. Gange et al. [27] provided three new techniques for
finding a minimal height table layout, by treating table layout as a
constrained optimization problem. O’Donovan et al. [28], [29] laid
out single-page graphic designs by optimizing an energy function
defined by some visual design principles. Cao et al. [30] proposed
statistical style models for synthesizing comic layouts.

Recently, deep learning-based layout modeling become very
popular. Zheng et al. [31] proposed a content-aware layout gen-
eration framework that could render layouts conditioned on the
contents of the user inputs. Li et al. [32] proposed the LayoutGAN
model to map a random layout (a set of elements with random
class labels and geometric parameters) to a refined layout for
layout generation. Lee et al. [33] proposed a graph neural network
to generate design layouts by using a set of elements with user-
specified attributes and constraints as inputs. Transformer-based
networks [34], [35] were also applied to further improve the
quality of the generated layouts. All these works aim at layout
generation by learning the layout distribution implicitly from data.
In contrast, we apply deep learning to infer the sequential design
order on visual notes in a weakly-supervised manner, and use the
predicted design order for layout optimization.

The most closely related to ours are the methods that aim
to generate or optimize layouts to guide readers along designer-
intended paths over elements on graphic designs. Cao et al. [36]
proposed a probabilistic model to capture the relation among the
artist guiding path, composition of comic elements and viewer
attention, and used the model for attention-directing composition
of comic elements. Pang et al. [37] proposed two user attention
models to predict temporal behaviors of eye movements (i.e.,
scanpaths) over webpages, and used them to optimize a webpage
layout in order to guide readers along a designer-specified path.
Li et al. [38] extended the LayoutGAN [32] to generate layouts
conditioned on the predefined reading order of elements by in-
troducing an order loss based on simple heuristics. In contrast to
these works that assume the designer-intended path to be produced
based on comic-specific heuristics [36] or given as an input by
users [37], [38], we assume that such a designer-intended path
(i.e., design order) is unknown and learn to predict it directly from
images of visual notes. Hence, these existing models cannot be
directly applied to our problem. In addition, it is worth noting that
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Fig. 2: Pipeline of the proposed method. Given an input visual note, the design order prediction stage predicts the design order over the
elements, while the layout refinement stage optimizes the arrangement of the segmented elements based on the predicted design order,
making the visual note easier to follow and understand.

although the models in [37] also predict the order of elements on
a graphic design, they cannot be used to address our problem for
two reasons. First, their models estimate local order between a
pair of elements. In contrast, we aim to infer a global order of all
elements. Second, training their models requires dense, element-
wise order annotations, while training our model requires only
coarse, grid-wise order annotations.

Visualization Layout Optimization. There is a line of re-
search on optimizing layouts in information visualization. Gibson
et al. [39] reviewed related works on graph layout techniques
for information visualization. Some methods use optimization
techniques for multidimensional projection layouts to avoid over-
lapping among nodes in a graph [40], [41], [42] or remove
unnecessary empty space in a word cloud layout [43]. Gomez-
Nieto et al. [44] proposed a new overlap removal mechanism
for visualization layouts by considering both overlap removal and
preservation of neighborhood structures. Gomez-Nieto et al. [45]
further proposed an optimization method to build layouts from
geometric primitives to address multiple concurrent requirements.
Liu et al. [46] proposed a spatially coherent visualization tech-
nique to exploit similarity among a set of items to determine
the spatial layout. Carrizosa et al. [47] presented an optimization
model to visualize complex dynamic datasets by preserving the
underlying structure and mental map. Yoghourdjian et al. [48]
introduced an ultra-compact grid-based layout for node-link dia-
grams by exploring generic constrained optimization techniques.
Unlike these works, we aim to optimize a visual note layout
towards better reflecting an inferred design order that the designer
wishes readers to follow, which has not been explored before.

3 OUR APPROACH

As shown in Figure 2, our approach mainly consists of two
stages: 1) design order prediction stage (Sections 3.1 and 3.2)
– given an input visual note, we predict the design order over the
elements; 2) layout refinement stage (Section 3.3) – we optimize
the arrangement of the elements based on the predicted design
order. The key to our approach is a weakly supervised, hierarchical
grid-based order prediction model. Our model divides the visual
note into grids of cells hierarchically and learns to predict the
design orders over the grid cells, which are then used to further
predict the design order over the elements. This grid-based order
prediction model is independent of visual note segmentation, and
can be trained on visual notes with only coarse annotations.

3.1 Grid-based Order Prediction

Given an input visual note, we aim to predict a plausible design
order over the elements on the visual note. One naive solution

is to learn to predict the order of elements directly. However,
training a model for element-wise prediction requires element-
level order annotations on a large number of visual notes, which
is not available and expensive to collect. To tackle this problem,
rather than training a model to predict the element-wise design
order directly, we propose to first learn to predict an order over a
regular grid of cells defined on the input visual note, and then use
the predicted grid-based order to derive the element-wise order.
This strategy requires only grid-wise order annotations, which are
much cheaper to obtain. We formulate it as a sequence prediction
problem, and make use of LSTMs to address the problem due to
their encouraging performance in modeling long-term dependency
in temporal data [49]. A naive strategy is to use a single LSTM-
based network to predict the order of all the cells directly. This
will, however, require dense grid-based order annotations, which
are still expensive to obtain especially when the number of cells
is large. It will also require a very deep network to model a
long sequence of grid cells, which would make it susceptible to
the gradient vanishing issue [50]. In other words, given a long
sequence with many time steps, gradients can become very small
during back-propagation, making the network difficult to train.
Instead, we propose a weakly-supervised, hierarchical network for
grid-based order prediction.

Figure 3 shows the network architecture. Given an input visual
note, we first partition it into a global-level grid of K ×K cells.
Each cell in the global-level grid is further split into a local-level
grid of M ×M cells. As a result, the input visual note is divided
into a grid of N ×N cells in total, where N =M ×K . In order
to predict the order over all N ×N cells, we first propose a local
order network (LocalOrderNet) to predict the design order over the
cells in each local-level grid. All local-level order predictions are
then passed to a global order network (GlobalOrderNet) to predict
the design order over the cells in the global-level grid. Finally, we
derive the element-wise order from the grid-based prediction.

There are three main advantages of our network architecture.
First, the LocalOrderNets for the local-level grids share the same
weights. This reduces the number of parameters to learn. Second,
each LocalOrderNet or GlobalOrderNet only models the order
of a fixed, small number of cells. It reduces the depth of the
network, and thus partially alleviates the gradient diminishing
issue. Third, our model can be trained end-to-end with only global-
level order annotations, which require a much lower labeling cost.
We describe the key modules of our model below.

3.1.1 Local-level Order Prediction
We use multiple LocalOrderNets to predict the design orders over
local-level grids based on the contents inside the grids. The input
to a LocalOrderNet is a local-level grid of M ×M cells. The out-
put is a temporal sequence of the cells, 〈S1, . . . , St, . . . , SM2〉,
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Fig. 3: Architecture of the grid-based order prediction model. The input visual note is first partitioned into a global-level grid of K×K
cells (K = 3 here). Each cell in the global-level grid is further split into a local-level grid of M ×M cells (M = 2 here). The local
order network (LocalOrderNet) predicts the design order over the cells in each local-level grid. The predicted local-level orders are
then fed into a global order network (GlobalOrderNet) to predict the design order over the cells in the global-level grid. Finally, the
local-level and global-level order predictions are combined to generate the grid-wise order output.
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Fig. 4: Architecture of the LocalOrderNet. Given a local-level
grid of M × M cells (M = 2 here) as input, the whole grid
and individual cells are fed to the encoders to obtain the visual
representation and then to the LSTM network to output a temporal
sequence of the cells.

where St is a one-hot vector representing the index of the pre-
dicted cell at time step t. Figure 4 illustrates the architecture of
the LocalOrderNet.

To model the long-term dependency of the temporal sequence
(i.e., which cell to look at next depends on the cells that we
have already looked at) while alleviating the gradient vanishing
and exploding problems, we opt for a LSTM-based network
[51] to generate a temporal sequence based on the graphical
representations of the input grid. A LSTM unit has three gates:
input gate, forget gate and output gate. These gates are used to
control what information to be added, removed and allowed to
flow through. Given input xt at current time step t along with
hidden state ht−1 and cell state ct−1 from the previous time step,
the output ot, cell state ct and hidden state ht are updated using
the following recurrent formulas:

it = σ (Wixt + Uiht−1 + bi) ,

ft = σ (Wfxt + Ufht−1 + bf ) ,

ot = σ (Woxt + Uoht−1 + bo) ,

c̃t = tanh (Wcxt + Ucht−1 + bc) ,

ct = ft � ct−1 + it � c̃t,
ht = ot � tanh (ct) ,

(1)

where it, ft and ot are the input gate, forget gate and output
gate, respectively. {Wi,Wf ,Wo,Wc} and {Ui, Uf , Uo, Uc} are
the weight matrices, while {bi, bf , bo, bc} are the biases. They
can be trained using the back propagation through time algorithm

(BPTT) [52]. � is element-wise multiplication. At the first time
step, the graphical representation of the input grid, along with a
special token START encoded as a zero vector, are passed to the
network to output the probabilities of the cells being visited first.
After that, at each time step t, the input xt is a concatenated vector
of St−1 and VSt−1

, where St−1 is a one-hot vector indicating the
index of the predicted cell at time step t − 1, and VSt−1

is the
graphical representation of the predicted cell at time step t − 1.
The output of the LocalOrderNet is a sequence of probabilities for
all the cells in the local-level grid, Oj ∈ RM×M , where j is the
local-level cell index.

To extract visual representations from the input grid and cells,
we build an encoder based on VGG-16 [53]. Specifically, we
remove all the fully-connected layers and add an additional 3 ×
3 convolutional layer, followed by a fully connected layer of size
81 to generate the visual representation. We initialize the network
weights by a pre-trained VGG-16 model on ImageNet [54].

3.1.2 Global-level Order Prediction
We use a GlobalOrderNet to predict the design order over
the global-level grid of K × K cells based on both the con-
tents inside the grid and the local-level orders produced by
the LocalOrderNets. The GlobalOrderNet has the same archi-
tecture as LocalOrderNet except for the input. Here, at each
time step t, the input of a GlobalOrderNet is denoted as
xt = W

[
St−1;CSt−1

;OSt−1

]
, where St−1 is a one-hot vector

representing the index of the cell at time step t − 1, CSt−1
is

the content representation for St−1, and OSt−1 ∈ RM×M is a
flattened vector of the predicted local-level order probabilities. W
is a linear embedding matrix that projects a vector into a 90-
dimensional vector xt.

Dynamic Weighting Scheme. We observe that compared with
the cells in a local-level grid, the cells in the global-level grid
have a larger spatial extent, and thus contain more meaningful
graphical and textual elements. Therefore, for CSt−1

, instead of
solely relying on the graphical representation of the cell, we utilize
both graphical and textual information to serve as a condition for
our GlobalOrderNet. This scheme is inspired by the observation
that in graphic designs, graphical and textual elements usually
interact in complex ways and are in a varying relationship to
convey messages [12], [14], [31]. For example, in some cases,
either graphical or textual elements play a dominant role, such
that viewers have no difficulty in understanding the contents
by looking at only one of the two types. In some other cases,
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Fig. 5: Relative image-text importance predicted by our model. Given a visual note on the left, our model predicts the relative importance
of the visual and textual elements in each cell.
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Fig. 6: Local-level order regularization. Given an input visual note
(a), we detect text regions on it (purple boxes in (b)). For a local-
level grid of M × M cells (M = 3 here) on the visual note
(e.g., the red grid in (b)), we first identify the text regions that
cover more than one cell as the target regions (i.e., the two purple
regions on the left in (c)). For each target region, the pre-defined
text reading order is then used as the ground truth order of the
cells overlapping it (i.e., the green trajectories in (c)).

however, they may be complementary to each other, such that
the graphical or textual elements alone are ambiguous without
the other. The objective of this dynamic weighting scheme is to
allow our model to account for different relationships between
graphical and textual elements by adapting the weights for the
graphical and textual representations, e.g., setting the weights for
complementary graphical and textual elements to be similar so
that both can be used to understand the underlying message.

Given an input cell, we extract a graphical representation Vt ∈
Rh×w×c and a textual representation Tt ∈ Rh×w×c. The content
representation Ct ∈ Rh×w×c is then computed as:

Ct = Dc(Mt)� Tt + (1−Dc(Mt))� Vt, (2)

where � is element-wise multiplication, Mt ∈ [0, 1]h×w is a
weight map to select textual features for use at each location.
Dc(·) is a function that duplicates Mt c times along the feature
channel. Each value in Mt can be interpreted as the relative
importance of the textual representation at that location. Mt is
computed via a dynamic weighting scheme:

Mt = f(ht−1, Vt, Tt), (3)

where ht−1 is the hidden state at time step t − 1. Note that
Mt essentially weights the contributions of the graphical and
textual representations in the content representation. f is a multi-
layer perception (MLP) to generate the weight map, which allows
our model to learn an optimal mechanism to adaptively leverage
graphical and textual information for content understanding. The
proposed dynamic weight scheme provides some degree of inter-
pretability for our model. In Figure 5, we visualize image-text
importance prediction by our model on a visual note. For each
cell, we compute the importance scores for the visual and textual
elements based on our predicted weight map (i.e., Mt in Eq. 3).
Specifically, given a cell, we sum up the weight maps of its visual

and textual representations to obtain the visual and textual weights,
which are then normalized to get the importance scores of visual
and textual elements in the cell. By visualizing these importance
maps, we can get some clues of what information the model is
looking at for its prediction and, hence, have some understanding
about why our model works/fails in some cases.

To compute the textual representation, we first detect and
recognize words using the OCR API for handwriting from the
Microsoft Azure Platform and treat the word regions (bounding
boxes detected by the OCR) as textual elements. For each tex-
tual element, we then project each word inside it into a 300-
dimensional word embedding vector using word2vec [55], sum
up the vectors of all words and send the result to a 2-layer MLP
to get a 50-dimensional element-wise vector. Finally, we build a
h×w×50 textual representation by assigning all the pixels inside
each textual element with an element-wise vector, and setting all
remaining pixels to zeros.

To compute the graphical representation, we first remove the
textual elements from the input visual note by filling the textual
pixels with the background color of the visual note. We then
extract a vector from the resulting visual note using an encoder that
is based on a pre-trained classification network [56]. In particular,
on top of the last convolutional layer of the network, we add a
global average pooling layer, followed by two fully connected
layers to output a 50-dimensional vector. Finally, we build a
h × w × 50 graphical representation in the same way as for the
textual representation, by assigning all the non-background pixels
with the vector, and setting the other pixels to zeros.

3.1.3 Loss Function
For training, we define a joint loss to supervise both local-level
and global-level order predictions.

Global-level Order Loss. This loss supervises the global-level
order predictions using the order annotations in our datasets. It
minimizes the negative log likelihood of the ground-truth temporal
sequence 〈Ŝ1, . . . , Ŝt, . . . , ŜK×K〉:

LG = −
K∑
t=1

log pt(Ŝt), (4)

where pt(Ŝt) is the predicted probability of Ŝt at time step t.
Local-level Order Regularization Loss. Since we only have
supervision on global-level order predictions, the local-level order
predictions are under-constrained. Hence, we introduce an addi-
tional loss to provide weak guidance to the LocalOrderNet during
training. Our observation is that the cells belonging to a single
text region (e.g., a paragraph) are likely to be read according
to some common reading patterns that most people follow. We
thus define a text-based order regularization loss for each local-
level grid by forcing the local-level order prediction within a text
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region to align with a pre-defined reading pattern (i.e., first from
left to right and then top to bottom in our context). In particular,
as shown in Figure 6, we use the text detection model in [57] to
automatically detect a set of text regions on a visual note. For each
local-level grid k of M ×M cells, we identify all the text regions
that overlap within it by more than 1 cell and refer to them as
the target regions. For each target region, we order the grid cells
overlapping it first from left to right and then top to bottom to get
the target sequence of those cells, < Ŷ1, . . . , Ŷi . . . , Ŷn >, where
Ŷi is a one-hot vector indexing the cells in the grid and n is the
number of cells overlapping the target region. We define a loss for
each target region lrgn and then sum up all the region losses to
get our local-level order regularization loss Lk

reg . The loss for a
target region is formulated as:

lrgn = −
T∑

t=t0

log pt(Ŷt−t0+1), (5)

where T = min(t0 + n,M × M) and t0 is the time step
of Ŷ1 in the predicted local-level sequence. pt(Ŷt−t0+1) is the
predicted probability of cell Ŷt−t0+1 at time step t. Note that our
regularization loss encourages the order prediction in a local-level
grid to locally match the predefined text reading order in each
target region.

Our final loss is a weighted combination of the two losses:

Ltotal = αLG + β
∑
k

Lk
reg, (6)

where α and β are the weighting factors, and k iterates over the
local-level grids of the visual note.

3.1.4 Training Dataset
To train our network, we need a dataset of visual notes with
ground-truth grid-based order annotations. Hence, we construct
the first visual note dataset with global-level order annotations.
It contains a total of 1,500 visual notes. To create this dataset,
we first collect a number of visual notes from the Internet (e.g.,
Flickr and Google) using “visual note” as the keywords. We then
manually select representative visual notes with different element
types, sizes, numbers, locations and layouts, so that the visual
notes in our dataset have diverse content densities and layouts.

For each visual note, we divide it uniformly into a global-
level grid of 3× 3 cells, and distribute all the visual notes among
3 designers uniformly, so that each note is annotated by one
designer. The designers were instructed to label the design order
over the global-level grid. The average time of annotating one
visual note is around 30s. In addition, to compute the local-level
order regularization loss in Section 3.1.3, we first use the detection
model in [57] to automatically locate a set of text regions on the
visual note. We then associate the cells with their corresponding
target regions based on the amount of overlap. It should be noted
that the target regions do not need to be precise nor consistent,
since we only utilize them to provide a weak guidance to constrain
the learning of the LocalOrderNets, as discussed in Section 3.1.3.

3.2 Element-wise Order Computation
Once the grid-based order is obtained, we reason about the order
of the elements. We first need to identify the elements in the
input visual note. However, the definition of an element in a
visual note can be ambiguous: e.g., it can be an object drawing,
a text description or a combination of both. Hence, visual note

segmentation is a very challenging problem, which is beyond
the scope of the paper. In a real use case, we assume that
the elements in an input visual note can be either labeled by
the user manually or by an off-the-shelf segmentation method
automatically. If an automatic element labeling method is used,
any element segmentation ambiguity can then be fixed by a
few user clicks via a well-designed interactive interface. In our
evaluation, we adopt a simple bottom-up approach to visual note
segmentation, without any further user interactions. It consists of
three steps: element extraction, merging, and refinement. In the
first step, we extract an initial set of elements from the input
visual notes. Specifically, we first apply morphological operations
(i.e., horizontal and vertical dilations) to the binarized version of
the visual note to connect nearby foreground pixels, and then
apply a connected component labeling algorithm to obtain a set
of connected components with distinct labels, which serve as the
initial elements. In the second step, two neighboring elements
are merged into a new element if the bounding boxes of two
elements have an overlapping ratio higher than 0.3. In the third
step, we further refine the resulting elements to handle over-
segmentation, producing the final segmentation of the visual note.
In particular, we repeat the first step by increasing the kernel size
of the structuring element for the dilation so that larger connected
components can be formed, and then repeat the second step to
generate a set of new element bounding boxes. In each newly
generated bounding box, two elements obtained in the original
second step are further merged if their closest distance is smaller
than a threshold (i.e., 3 pixels in our implementation). Finally, we
obtain a set of segmented elements with corresponding labels and
bounding boxes.

To reason about the order of the segmented elements, we first
map the elements to the cells on the visual note and then compute
the element-wise order through an optimization. The mapping
is achieved simply by computing an overlap ratio (i.e., the area
of intersection between a cell and an element, divided by the
minimum area of the cell and the element). A cell belongs to an
element if the overlap ratio is larger than 0.5. For those elements
without any assigned cells, we assign a cell belonging to such an
element if the center location of the element is within the cell. As
a result, each element is associated with a number of cells with
predicted orders.

Our optimization is summarized as follows. When a cell covers
multiple elements, we simply order the elements from left to right
and then top to bottom. When an element covers more than one
cell, which we have found to be very common, we cast the element
order computation as an optimization problem and define a global
ranking distance (GRD) as the objective function to minimize the
cell ranking distance as:

GRD =
1

|S|
∑

m,n∈S
d (Xm, Xn) , (7)

where S is a set of elements. d (·) is the cell ranking distance
between a pair of elements Xm and Xn, and is defined by the
number of cell pairs whose orders are different from the predicted
order as:

d (Xm, Xn) =
∑
i∈Cm

∑
j∈Cn

∣∣∣δm,n
i,j − δ

gt
i,j

∣∣∣ , (8)

where Cm and Cn are the sets of cells in elements m and n,
respectively. δm,n

i,j is 1 if grid cell i in element m is visited before
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Fig. 7: Some common global-level design order patterns.

grid cell j in element n; otherwise, δm,n
i,j is 0. δgti,j is the predicted

order by our model between grid cells i and j.
To perform the optimization, we first assign each element

with an initial order value using the mean order of the grid
cells belonging to the element. We then generate a ranked list
of elements by sorting the initial values. We optimize the element-
wise order using the Metropolis-Hastings algorithm [58], [59] to
explore the solution space. The order value of the element is
updated in each iteration to a random value from the ranking
orders. The optimization process stops when changes are small
or a maximum number of iterations is reached.

3.3 Layout Refinement
Given a visual note and its predicted design order, we would like
to adjust the visual note layout, i.e., rearrange the elements, to
improve its readability. Our hypothesis is that by aligning with
the predicted design order, viewers will have a higher chance of
reading the elements in the order expected by the artist, resulting
in a more readable visual note. Concretely, given a visual note and
the global-level and element-wise design orders that are predicted
in Section 3.1.2 and Section 3.2, respectively, we refine the layout
of the visual note by rearranging its elements in such a way that the
refined layout is able to reflect the predicted design order better,
while adhering to common visual aesthetic criteria.

Our basic idea is to use the global-level order as a global
guiding path that people can easily recognize and follow, and
place the ordered elements sequentially along the path. We start by
aligning the element-wise order with the global-level order. To do
this, we cluster the cells in the global-level grid into horizontal
(vertical) groups, so that the cells in the horizontal (vertical)
group are supposed to be read consecutively along a horizontal
(vertical) direction according to the predicted global-level order.
As an example, we consider the leftmost global-level design order
pattern in Figure 7. The cells in this gird can be clustered into
three groups. Each row with three cells represents one group. We
fill each group sequentially by placing the element according to the
element-wise order. For a horizontal (vertical) group, the elements
are placed along the direction specified by the group cell order at
a predefined uniform space, with the center y (x) coordinates of
the elements aligned with that of the group cells. If an element,
after being placed, falls outside the current group boundary by a
large amount, it will be used to fill the next group.

To build a layout structure that can better reveal the global-
level design order, we need to create adequate space between
the elements. To this end, we further adjust the locations of the
elements as follows. We push the elements within the same group
closer and those from different groups further apart. In particular,
for a horizontal group, we first make its elements closer by moving
them slightly towards the center element of the group. We then
align the elements with the top/center/bottom of the group if the
group is at the top/center/bottom row of the global-level grid, to
increase the between-group space. Likewise, for a vertical group,
we use the same method to move its element closer and align its
elements with the left/center/right of the group if the group is at
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Fig. 8: Statistical summary of the benchmark dataset. Left: the
distribution of the number of elements on a visual note. Right: the
distribution of the element size ratio (i.e., the area of an element
divided by that of the visual note).

the left/center/right column of the global-level grid. We further
refine the layout of the elements to conform to some visual design
principles via an optimization. The objective function includes
three energy terms defined in [28], including alignment, white
space and overlap. We minimize the objective function using the
Metropolis-Hastings algorithm [58], [59], and update the position
and size of a randomly selected element at each iteration.

4 RESULTS AND EVALUATION

In this section, we first qualitatively and quantitatively evaluate
the performance of our design order prediction model, and apply
our order prediction model to handle other types of graphic
designs (e.g., webpages and magazines). We then qualitatively
and quantitatively evaluate the effectiveness of our layout opti-
mization approach on various visual notes, and perform a user
study to investigate whether our results are easier to follow by
readers. Finally, we show that our model can be used for layout
rearrangement and re-targeting to generate various layouts based
on different input template orders.

Implementation Details. The inputs to the encoders in both
LocalOrderNet and GlobalOrderNet are rescaled to 288 × 288.
The number of hidden units in each LSTM is 512. Our model is
trained with the Adam optimizer at a learning rate of 0.0002,
a mini-batch size of 128, and decay parameters of β1 = 0.9
and β2 = 0.999. The weighting factors for the loss function
are α = 0.5 and β = 1. The LSTM weights are initialized
with random orthogonal matrices, and other weights are randomly
initialized. During testing, we combine both local- and global-
level order predictions to output the grid-wise order. In particular,
at each time step, we sample the most likely cell and use it as
input to the next time step. Inspired by [60], we apply the beam
search algorithm in the global-level order prediction to improve
the prediction accuracy. The prediction process via beam search
would terminate when all the cells have been assigned with a
specific order.

To increase the diversity and number of our training examples
and to reduce overfitting, we augment our training dataset by
synthesizing new visual notes. This is done by resizing each
visual note to 1/2 and 2/3 of its original size, and putting the
resized visual note at random locations within an empty canvas
of the same as the original visual note. As a result, in the
synthesized visual note, the order of the cells in the global-level
grid may be different from that in the original visual note. We also
slightly perturb the sizes of randomly selected elements on each
visual note by a random scaling factor between 0.8 and 1.2. This
produces a total of 13,500 visual notes for training.

Benchmark Dataset. To evaluate our approach, we have
constructed a benchmark dataset of visual notes with ground truth
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Fig. 9: Results of element-wise design order prediction. The blue boxes on each visual note represent elements, while the numbers and
red trajectory represent the predicted design order over the elements.

design orders. We find that the design process of some visual
notes is recorded in videos (e.g., whiteboard animations), from
which their design orders can be directly derived. Thus, we collect
74 visual notes with accompanying videos, and take the temporal
order of elements in each video as the ground truth design order of
its corresponding visual note. We have also recruited a designer to
annotate the element-wise design order of 26 visual notes without
videos. This designer is one of the 3 designers who annotate the
global-level order of the training dataset. In this way, we obtain a
benchmark dataset of 100 visual notes with ground-truth element-
wise design order annotations. Figure 8 shows the statistics of the
benchmark dataset. The majority of visual notes have about 10 to
30 elements, and most of the elements cover less than 10% of their
visual notes.

4.1 Evaluation of Design Order Prediction
4.1.1 Qualitative Results
Figure 9 shows the prediction results on our benchmark dataset.
Predicting element-wise design orders on visual notes can be quite
challenging and even ambiguous. Although our model is trained
only with coarse annotations (i.e., global-level orders of 3 × 3
cells), the prediction results show that our method can handle
highly irregular visual notes and favorably predict element-wise
design orders that are similar to the ground truth. For example, in
Figures 9(a) and 9(b), our predictions are exactly the same as the
ground truth labeled by the designers. Even though our predictions
may sometimes fail to exactly match the ground truth, they still
look plausible, as shown in Figures 9(c) and 9(d).

4.1.2 Quantitative Metrics
To quantitatively evaluate the performance of our prediction
results, we use three metrics that have been adopted in prior
works for visual scanpath comparison, including similarity score
(based on the string-edit distance stated in Section 4.2.3), pair-
wise order matching rate (POMR), and mean minimum distance
(MMD). POMR [37] is a local metric to evaluate the percentage
of element pairs whose predicted orders are consistent with the
ground-truth. MMD [18] is used to measure scanpath similar-
ity in pixel space. Specifically, it divides a sequence of 2D
points < x1, x2, . . . , xT > into segments {Ck(t)}nk

t=1, where

Edit dist. POMR Avg. MMD
Random 25% 32% 87
Naive Vertical pattern 38% 68% 80
Naive Horizontal pattern 50% 75% 76
No local-level cell representation 59% 81% 75
Local-level grid representation at all steps 58% 80% 74
No dynamic weighting 65% 87% 71
No local-level order regularization 62% 83% 73
Google OCR 66% 89% 68
ResNet101 encoder 66% 89% 67
Ours (full) 66% 89% 68

TABLE 1: Comparison of our model against the baselines (top
group) and alternative architectures of our model (bottom group)
using edit dist., POMR, and Avg. MMD. Best results are high-
lighted in bold.

Ck(t) =< xt, . . . , xt+k−1 > and nk = T − k + 1. For each
segment Ck(t) in a predicted sequence, its closest segment in the
ground truth is found in L2 sense and their distance is denoted
as dk(t). MMD is defined as: 1

nk

∑nk

t=1 dk(t). In our experiment,
we vary k from 2 to 5 and report the average of MMD values as
Avg. MMD.

Since there are no prior works about design order prediction
on visual notes, we compare our approach with several baselines
and variants of our model:

• Random order generation. For all the elements in a visual
note, a random order of these elements is generated.

• Naive order generation. According to the psychological
analysis on reading patterns [61], humans tend to follow two
major reading orders, either from left to right or from top to
bottom. Hence, we have two naive effective methods. One is
the vertical pattern, i.e., first from top to bottom and then left
to right. The other is the horizontal pattern, i.e., first from left
to right and then top to bottom.

• No local-level cell representation. In our LocalOrderNet,
only the graphical representation of the grid is provided at
the first time step. No graphical representations are provided
for the cells at the remaining time steps.

• Local-level grid representation at all steps. In our
LocalOrderNet, the graphical representation of the grid is
provided at all time steps.

• No dynamic weighting. In our GlobalOrderNet, we sum up
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Fig. 10: Design order prediction on general graphic designs. (a) and (b) are webpages, while (c) to (e) are magazine pages.

(a) (b) (c) (d)

Fig. 11: Design order prediction results with different degrees
of visual note segmentation. Given an input visual note (a), we
show three degrees of segmentation and corresponding element-
wise design order predictions.

image and textual representations directly.
• No local-level order regularization. We train our model

without the local-level order regularization loss.
• Google OCR. We use a different OCR API (i.e., the OCR

tool from the Google Cloud Platform) for text recognition and
extract textual representation in the same way as described in
Section 3.1.2.

• ResNet101 encoder. We replace VGG-16 [53] with
ResNet101 [62] to extract visual representations from the
input grid and cells.

Table 1 shows the results. For all metrics, our method per-
forms favorably against all baselines of our model by a large
margin. The naive methods do not work well mainly because most
visual notes do not have grid-like, regular layouts, resulting in
naive scanning patterns being misaligned with the ground truth
design orders most of the time. It is interesting to note that
the horizontal pattern has a better performance than the vertical
pattern. It seems that designers tend to set the order patterns
to be more from left to right. Our model also outperforms its
two variants, without cell representation and with only local-
level grid representation in LocalOrderNet, which justifies the
design of our network architecture. When our dynamic weighting
scheme is disabled, the performance drops slightly, confirming
the advantage of our scheme for adaptively fusing graphical and
textual representations. When training the network without the
local-level order regularization loss, the performance also drops,

indicating the importance of incorporating additional guidance for
the LocalOrderNet. We find that using different OCR algorithms
have a similar performance on the visual notes. When the encoder
is changed from VGG-16 to ResNet101, only the Avg. MMD score
improves slightly, indicating that different visual encoders do not
have much influence on the design order prediction result.

4.1.3 Generalization to Other Graphic Designs

We further demonstrate the applicability of our design order
prediction model to other types of graphic designs. However, as
our model is trained on visual notes and there is a large visual
gap between visual notes and other graphic designs, we need
to minimize the visual gap between them. To do this, we first
convert the images in the original graphic designs into graphical
elements via an edge detection method [63], and extract the texts
and re-synthesize them as handwritten texts using a recurrent
neural network [64]. We then apply our method to predict the
design orders of the pre-processed designs. Figure 10 shows the
qualitative results on 2 webpages and 3 magazine pages. Although
our model did not see such types of designs during training, it
can still make reasonable predictions. It is interesting to note that
our method can reason about the design order based on the local
and global relationships between graphical and textual elements,
instead of just following a top-to-bottom or left-to-right reading
pattern. For example, in Figure 10(a), each of the three icons at the
center of the page and the corresponding text below it constitute
a repeated vertical layout, forming three columns of information.
Our model captures these layout cues and accurately predicts the
design order to move along each column, rather than traversing the
three icons horizontally. In addition, in Figure 10(c), our model
predicts that the center element is designed to stand out and thus
should be read first, before the two pairs of symmetrical image-
text combinations (above and below it).

4.1.4 Robustness to Segmentation

As described in Section 3.2, visual note segmentation is a very
challenging problem. Automatic segmentation methods may result
in over-segmentation (i.e., a single element is divided into multiple
elements) or under-segmentation (i.e., many unrelated elements
are grouped into a single element). In case of under-segmentation
or over-segmentation, since the sizes of most segmented elements
are larger than the size of a cell in the local-level grid on the
visual note, our approach can predict the design order over most
elements favorably. To test the robustness of our approach to
visual note segmentation, we generate segmentation results of
different degrees (from coarse to fine) on an input visual note
and compute element-wise design order based on them. Figure 11
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Fig. 12: Layout optimization results. For each example, given an input visual note (left), we predict its grid-based global design order
(upper middle) and element-wise design order (lower middle). Based on the predicated design order, the layout of the visual note is
automatically optimized such that it is easier for readers to follow along (right).

Alignment Error Size Error Position Error
Input 0.21 0.11 0.18
Baseline 0.14 0.07 0.15
Ours 0.09 0.04 0.07

TABLE 2: Quantitative comparison of layout optimization results
by different methods. Best results are marked in bold.

shows the results. We can see that our approach is able to predict
plausible element-wise design orders with different degrees of
segmentation.

4.2 Evaluation of Layout Optimization
4.2.1 Qualitative results
Figure 12 shows four example visual notes along with their
optimized versions. Compared with the original visual notes
whose reading orders can be ambiguous, our refined visual notes
respect the design orders well and are easier to follow, providing
readers with a much smoother reading experience. For example,
in the optimized visual note in Figure 12(a), the elements are
horizontally distributed based on the predicted design order. Clear
empty space is created to allow readers to easily interpret the
elements in one line as a group. In contrast, in the original visual
note, it is non-trivial for readers to immediately figure out the order
that these elements should be read, which may slow down their
reading pace and hinder them from understanding the underlying
message of the visual note.

4.2.2 Quantitative results
We conduct a quantitative experiment on the aforementioned
benchmark. We recruit three professional designers to select good
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Fig. 13: Results of the user study on layout optimization. We show
the average matching rates of the reading orders by the participants
with the design orders labeled by the designers on both the original
visual notes (Original) and optimized visual notes by our approach
(Ours). The error bars represent the standard deviation of matching
rates for each visual note. Overall, Ours has an average matching
rate of 87%± 2%, which is significantly higher than 71%± 3%
of Original (paired t-test, p < 0.01).

visual note designs from the benchmark. Designers were asked
to select the visual notes with good layout structures. Only the
visual notes selected by more than two designers will be used
for the quantitative experiment. Finally, we have selected 28 well-
structured visual notes in the benchmark. For each selected visual
note, we perturb its layout by applying random positional offset
and scaling to a set of randomly selected elements. The perturbed
layout is then sent into our method as input, and the original layout
is regarded as the ground truth. We use three evaluation metrics:
alignment error, size error, and position error. The alignment
error is the average alignment difference between corresponding
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Fig. 14: Template-based rearrangement. For each example, given an input visual note (left), we predict its element-wise design order
(upper middle). Given an order pattern template (lower middle), the layout of the visual note is automatically rearranged such that it
conforms to the desired pattern in the template while easier for readers to follow (right).

elements in a generated layout and the ground truth. We consider
left, right, center, bottom, and top alignment. The size error is
the average size difference between corresponding elements in a
generated layout and the ground truth. The position error is the
average L2 distance between the centers of corresponding ele-
ments in a generated layout and the ground truth. For comparison,
we use the optimization method in our layout refinement step as a
baseline, which optimizes input layouts to conform to some design
principles without considering design order.

Table 2 shows the results. We can see that the proposed method
significantly improves the input layouts, suggesting that it can
effectively optimize the structure of input visual notes. In addition,
our method outperforms the baseline (without considering design
order), which confirms the importance of design order reasoning
in the layout refinement task.

We further analyze the computation time of our method for
design order prediction and layout optimization. The training of
our grid-based design order prediction network takes about 86
hours on a PC with an i7 3GHz CPU, 16GB RAM and a Titan X
GPU, while the testing stage of our network takes about 0.231s
to predict the order of a visual note. For layout optimization, we
incorporate the predicted design order and visual design principles
into a constrained optimization problem that takes about 3 minutes
for a visual note.

4.2.3 User Study
We conduct a user study to evaluate if the optimized visual notes
are easier for readers to follow than their original ones. We note
that a visual note is considered as easier to follow if the readers’
reading paths align well with the design order of the visual note.
To measure the similarity between a given reading order and a
ground truth design order, we use the string-edit distance [65],
which is used in eye-tracking research for comparing scanpaths
[66]. The similarity score S(di, dj) between two sequences of
elements di and dj on a visual note is defined as:

S(di, dj) = 100 · (1− Dist(di, dj)

L
), (9)

where Dist(di, dj) is the distance between sequences di and
dj by transforming one of them to the other with a minimum

number of editing operations, including insertion, deletion and
substitution. L is the number of elements on a visual note.

For each visual note, we average the similarity scores of all
viewers to obtain an average matching rate. We randomly select
20 visual notes from our benchmark dataset. The 20 participants
that we recruited have different ages (26 on average) and are from
both genders (13 men and 7 women). All of them have no prior
experiences in reading visual notes. Each participant was asked
to read 20 different visual notes, half of which were selected
randomly from the original visual notes and the other half were
selected from the optimized visual notes. Each participant could
only read the contents of the same visual note once (either the
original version or the optimized version). The maximum time of
reading one visual note was 3 minutes. For each visual note, a total
of 10 different participants were recruited and were instructed to
mark their reading orders over the segmented elements. Unlike
previous studies on visual attention, we did not use an eye-tracker
to capture the participants’ reading orders, as eye-tracking data can
be noisy without a highly controlled setting, making it difficult to
infer a reliable and clear reading order for our study.

Figure 13 shows the average matching rates for both the
original and optimized visual notes. We can see that as compared
with the original visual notes, the optimized visual notes have
significantly higher average matching rates. This implies that our
results are easier for readers to follow and the contents are easier to
understand. For the visual notes with irregular layouts (e.g., 1, 2,
3 in Figure 13), our optimized results have much higher average
matching rates than their original counterparts. For some visual
notes with reasonably clear layouts (e.g., 10, 11 in Figure 13), the
advantage of our approach is less apparent since the original visual
notes already have reasonably good layouts.

4.3 Template-based Rearrangement and Re-targeting

Our approach can naturally support automatic template-based
visual note rearrangement and re-targeting. Given a visual note and
an order pattern template as input, we generate an output visual
note that adheres to the order pattern specified by the template.
The templates are used to pre-define some common design order
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Fig. 15: Template-based re-targeting. In each example, given the input visual note (left), we first predict its element-wise design order
(upper middle). Given a target display size and an order pattern template (lower middle), our approach can then re-target the input
visual note to the target display size (right), while still ensuring the result to be easy to read according to our predicted design order.

(a) Input visual note (b) Design order prediction (c) Layout optimization

Fig. 16: Failure case. Given a complex visual note (a), our method
may fail to give reasonable design order prediction (b) and thus
generate a confusing layout (c), as it does not explicitly consider
the order number cue on the note (i.e., the numbers in yellow
dotted circles).

patterns. The canvas space of each template is divided into 3 × 3
cells, identical to the global-level grid in Section 3.1.2.

Our method proceeds in two steps: an initial layout estimation
step and a layout refinement step. In the initial layout estimation
step, we predict the element-wise order and global-level order for
the input visual note, and align the two orders by rearranging the
ordered elements in the 3 × 3 global-level grid according to the
global-level order, as done in Section 3.3. We then assign each re-
arranged element to a global-level grid cell based on the amount
of overlap. Since both the global-level order and template order
are expressed by an ordered list of 3 × 3 cells, we can establish
a one-to-one mapping between the cells in the two orders based
on the cell order indices. With the element-to-cell assignment and
the mapping, the initial positions of the elements in the output
visual note can be determined. Specifically, for a global-level grid
cell centered at xj , we move the centroid coordinates xji of each
element belonging to it to its corresponding template cell centered
at yj via yj +(xji − xj). In the layout refinement step, we follow
the optimization-based refinement method in Section 3.3.

Figure 14 shows some template-based rearrangement results.
Compared with the original visual notes, our rearranged visual
notes respect the input template patterns well. For example, in

the rearranged visual note in Figure 14(c), although the template
order is totally different from the original design order, our method
can still rearrange the elements on the visual note to follow the
template pattern and design rules. In addition, compared to the
original visual note, the rearranged one contains sufficient space
between elements and is easier for readers to figure out which
element to read first and which to follow next.

Figure 15 shows that our method can also be used to re-target
a visual note to a different display size, while preserving its design
order. For example, the original visual note in Figure 15(b) was
designed for portrait mode, whose reading order is supposed to
be first from left to right and then top to down (as reflected by
our predicted design order). Our method can re-target it into a
landscape mode with reading order first from top to down and
then left to right, while ensuring the elements to be read according
to its original design order.

5 CONCLUSION

In this paper, we have proposed an approach to automatically
optimizing the layouts of visual notes to improve their readability.
To this end, we have made the first attempt to predict the design
order on visual notes (i.e., the order of elements that the designer
expects readers to follow). Once the design order is obtained, our
method optimizes the layout of the visual note to be aligned
with the predicted design order by rearranging the elements.
To predict the design order, we first propose a learning-based
framework to hierarchically predict the cell order of a grid defined
over the visual note, and then use an optimization to obtain an
element-wise design order. Our framework is weakly supervised,
and can be efficiently trained with only global-level grid-based
order annotations. The results show that our approach can predict
plausible design orders and generate well-arranged visual notes
that have better readability than the original ones.

Limitations and future works. There are several limitations
in our approach for possible future works:
• Designers sometimes use symbols (e.g., order numbers and

arrows) to guide readers on how to read the visual notes.
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Without considering such a guidance cue explicitly, our
model may fail to exploit these small yet important symbols,
and thus incorrectly predict the design orders for some visual
notes that rely heavily on this guidance cue to determine
the order. For example, in Figure 16, the element predicted
as 12 should be read before element 5, as indicated by the
sequence numbers provided by the designer. Given the input
visual note, our grid-based order prediction model incorrectly
predicts the global-level order to be in a vertical pattern based
on the overall visual appearance and semantics, while the
numbers on the visual note indicate that the global-level order
should be in a horizontal pattern. It would be interesting to
explore how modeling this kind of guidance cues explicitly
could help improve our order prediction.

• Although we have shown that our method can give promising
results on diverse visual notes, our approach may fail to pro-
duce plausible results when an input visual note is extremely
over-segmented (e.g., containing more than 80 segmented
elements). In addition, some users may not be satisfied with
the automatic segmentation results since visual note elements
are subjective to define. For example, in Figure 16(b), some
users may want to split the element predicted as 9 into a set of
finer elements, while others may want to group the elements
predicted as 1, 2 and 3 into a single element. An interesting
direction for future investigation would be to come up with
a simple and intuitive interaction mechanism to incorporate
user preferences.

• While our design order prediction stage contains a new deep
learning model to learn the sequential order of elements from
data, the layout refinement stage still follows the traditional
heuristic-based approach. We believe that a more advanced
layout refinement approach could further improve the perfor-
mance. In addition, it would be an interesting future work
to train the whole pipeline end-to-end by converting the
optimization stage into a differentiable neural network.

• While we have shown the effectiveness of our design order
prediction method on visual notes with various layouts, it
may have difficulty in making reasonable order predictions
for the visual notes with high-density contents and very
irregular layouts. This is partly due to the fact that our
grid-based design order prediction model has only weak,
global-level supervision, which makes it difficult to resolve
some local-level order ambiguities. We would like to explore
using other unsupervised or self-supervised losses to provide
stronger supervisory signals to our model, while minimizing
human intervention in model training.

• Our current implementation uses a uniform splitting strategy
to divide an input visual note into two levels of grids (i.e.,
local-level and global-level). We would like to explore a
content-adaptive grid generation strategy that can preserve
text and pictures well, e.g., by making use of a segmentation
method. The hierarchical framework can also be easily ex-
tended to deal with multi-levels, e.g., by further splitting each
cell in the local-level grid. These would help improve design
order reasoning if the visual note is dense and irregular.
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