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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 article,
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

1 INTRODUCTION

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
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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 Fig. 1a, he/she may
have a hard time figuring out which element to read on a
visual note with an irregular layout structure as shown in
Fig. 1b.

In this paper, we study the problem of layout optimiza-
tion 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 read-
ers 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 Fig. 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 understand-
ing not only high-level semantics of elements, but also the
complex relationship between graphical and textual ele-
ments [12], [13], [14].

To address the challenge, we propose a learning-based
framework for predicting element-wise design orders of
visual notes. However, instead of directly learning to pre-
dict element-wise order, which requires a lot of human
supervision and suffers from learning inefficiency, we
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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 diffi-
cult for readers to follow.

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 intro-
duction 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 repre-
sentations via a dynamic weighting scheme, which allows
our model to learn an optimal strategy to selectively lever-
age graphical and textual information, for content under-
standing and order prediction.

We have conducted extensive qualitative and quantita-
tive experiments 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 dem-
onstrate that our order prediction model can predict plausi-
ble 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:

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

e 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.

e We demonstrate that our model is generic enough
to handle other types of graphic designs, and sup-
ports template-based rearrangement and re-target-
ing 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] pro-
posed the first model usin§t winner-take-all (WTA) and
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inhibition of return (IoR) on saliency maps to simulate eye
movements. Based on the Levy distribution of saccade mag-
nitudes, stochastic models [16], [17] were proposed for scan-
path prediction. Wang et al. [18] predicted eye gaze paths by
modeling reference sensory responses, fovea periphery reso-
lution discrepancy, and visual working memory. Liu et al.
[19] integrated semantic and saliency information with a
Hidden Markov Model (HMM) to estimate readers’ scan-
paths 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] proposed a model to leverage
both bottom-up and top-down attention mechanisms to pre-
dict humans’ attention shift on an input image. Reinforce-
ment 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 compo-
nent in graphic design. Over the past few years, researchers
have made impressive progress in layout synthesis for vari-
ous types of graphic designs, such as documents, comics,
magazines.

Early works developed layout models based on design
templates and optimization techniques to find an optimal
layout that could satisfy domain-specific criteria. Hurst et al.
[25] reviewed related works on textual document format-
ting, including micro- and macro-typographic aspects of
layouts. Jacobs ef 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 profes-
sional knowledge and manual efforts to construct. Gange
et al. [27] provided three new techniques for finding a mini-
mal height table layout, by treating table layout as a con-
strained 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 synthe-
sizing comic layouts.

Recently, deep learning-based layout modeling become
very popular. Zheng et al. [31] proposed a content-aware
layout generation framework that could render layouts con-
ditioned on the contents of the user inputs. Li et al. [32] pro-
posed the LayoutGAN model to map a random layout (a set
of elements with random class labels and geometric param-
eters) to a refined layout for layout generation. Lee et al. [33]
proposed a graph neural network to generate design lay-
outs 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
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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.

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 introducing 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 un-
known 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
although the models in [37] also predict the order of ele-
ments 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
research on optimizing layouts in information visualiza-
tion. 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 overlapping among nodes in a
graph [40], [41], [42] or remove unnecessary empty space
in a word cloud layout [43]. Gomez-Nieto et al. [44] pro-
posed a new overlap removal mechanism for visualization
layouts by considering both overlap removal and preserva-
tion 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 technique 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 diagrams
by exploring generic constrained optimization techniques.
Unlike these works, we aim to optimize a visual note lay-
out 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 Fig. 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 (Sec-
tion 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 fur-
ther 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 pre-
diction requires element-level order annotations on a large
number of visual notes, which is not available and expen-
sive 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 annota-
tions, 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 pre-
dict 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 suscepti-
ble 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
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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 x K cells (K =3
here). Each cell in the global-level grid is further split into a local-level grid of M x M cells (M = 2 here). The local order network (LocalOrderNet) pre-
dicts 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.

network difficult to train. Instead, we propose a weakly-
supervised, hierarchical network for grid-based order
prediction.

Fig. 3 shows the network architecture. Given an input
visual note, we first partition it into a global-level grid of K x
K cells. Each cell in the global-level grid is further split into
a local-level grid of M x M cells. As a result, the input visual
note is divided into a grid of N x N cells in total, where N =
M x K. In order to predict the order over all N x 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 architec-
ture. 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 x M cells. The output is a temporal sequence of the
cells, (Si,...,5,...,5)2), where S} is a one-hot vector repre-
senting the index of the predicted cell at time step ¢. Fig. 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 gradi-
ent 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
x at current time step ¢ along with hidden state 7,1 and

cell state ¢, from the previous time step, the output oy, cell
state ¢; and hidden state h, are updated using the following
recurrent formulas:

iy = o(Wixy + Uihyi—1 + b;),

fi = U(Wfl’t +Ushi1 + bf)y

o = o(Woxy + Ushy—1 + by),

¢ = tanh(Wex; + Uchy—y + be),
=fiOc1+iOc,

hy = o; @ tanh(c,),

o))

where i;, f; and o, are the input gate, forget gate and output
gate, respectively. {W;, Wy, W,, Wc} and {U;, Uy, U,, U, } are
the weight matrices, while {b;, bf, b,, b.} 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 ¢,
the input z; is a concatenated vector of S;_; and Vs, |, where
S;_1 is a one-hot vector indicating the index of the predicted
cell at time step ¢ — 1, and Vg, | is the graphical representa-
tion of the predicted cell at time step ¢ — 1. The output of the
LocalOrderNet is a sequence of probabilities for all the cells
in the local-level grid, O; € 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]. Specifi-
cally, we remove all the fully-connected layers and add an
additional 3 x 3 convolutional layer, followed by a fully

Sq
— Encoder —> LSTM LSTM LSTM LSTM

= T
#START Vs, S, Vs, S, Vs; Ss

g s} o}

= = =
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Fig. 4. Architecture of the LocalOrderNet. Given a local-level grid of M x
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.
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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.

connected layer of size 81 to generate the visual representa-
tion. 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 x 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
architecture as LocalOrderNet except for the input. Here, at
each time step t, the input of a GlobalOrderNet is denoted
as x; = W[S,_1;Cs,_;Os,_,], where S;_; is a one-hot vector
representing the index of the cell at time step t — 1, Cs, | is
the content representation for S;_;, and Og,_, € RM*M is a
flattened vector of the predicted local-level order probabili-
ties. W is a linear embedding matrix that projects a vector
into a 90-dimensional vector ;.

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 Cs, ,, instead of solely relying on the graphical represen-
tation of the cell, we utilize both graphical and textual infor-
mation 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 con-
tents by looking at only one of the two types. In some other
cases, however, they may be complementary to each other,
such that the graphical or textual elements alone are ambig-
uous without the other. The objective of this dynamic
weighting scheme is to allow our model to account for dif-
ferent relationships between graphical and textual elements
by adapting the weights for the graphical and textual repre-
sentations, 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
V; € R*w*¢ and a textual representation 7; € R"*“*¢. The
content representation C; € R"*¢ is then computed as

Ct - D(,(Alt) @ Tt + (1 - D(,(Mt)) @ ‘/t» (2)

where © is element-wise multiplication, M, € [0,1]"*" is a
weight map to select textual features for use at each loca-
tion. D.(-) is a function that duplicates M, c times along the
feature channel. Each value in M, can be interpreted as the

relative importance of the textual representation at that
location. M, is computed via a dynamic weighting scheme

M, = f(h1, Vi, Th), 3)
where h;_; is the hidden state at time step ¢t — 1. Note that
M, 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 mecha-
nism to adaptively leverage graphical and textual informa-
tion for content understanding. The proposed dynamic
weight scheme provides some degree of interpretability
for our model. In Fig. 5, we visualize image-text impor-
tance 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 (.e.,
M, 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 nor-
malized 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 textual element, we then project each
word inside it into a 300-dimensional word embedding vec-
tor 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  x w x 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 net-
work [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 2 x w x 50 graphical
representation in the same way as for the textual representa-
tion, by assigning all the non-background pixels with the
vector, and setting the other pixels to zeros.
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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 x
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)).

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 (Sl, e S S KxK)

K ~
- Z log pi(St), 4)
t=1

where p;(S;) is the predicted probability of S; at time step ¢.
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 intro-
duce an additional 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 pat-
terns 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 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 Fig. 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 x 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, < Y1,....Y;....,Y, >, where Y, 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 tar-
get region [, and then sum up all the region losses to get
our local-level order regularization loss L, . The loss for a
target region is formulated as

T
begn = — Z log pi(Yi-tg+1)s (5)

t=tg

where T' = min(ty +n, M x M) and { is the time step of Y;
in the predicted local-level sequence. p;(Y;;,+1) is the pre-
dicted probability of cell Yf t,+1 at time step ¢. 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.
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Our final loss is a weighted combination of the two losses
Liota = «Lc + B Z Ly, ©)

where « and g are the weighting factors, and & 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 con-
struct the first visual note dataset with global-level order
annotations. It contains a total of 1,500 visual notes. To cre-
ate 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 representa-
tive visual notes with different element types, sizes, num-
bers, 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 x 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 com-
pute 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 ele-
ment 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 prob-
lem, 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 fore-
ground 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 h1§her than 0.3. In the third step, we
rom IEEE Xplore. Restrictions apply.
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further refine the resulting elements to handle over-segmen-
tation, producing the final segmentation of the visual note.
In particular, we repeat the first step by increasing the ker-
nel 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 fur-
ther merged if their closest distance is smaller than a thresh-
old (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 optimiza-
tion. 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 opti-
mization problem and define a global ranking distance
(GRD) as the objective function to minimize the cell ranking
distance as

GRD = Z A( X, X,) (7

m nes

where S is a set of elements. d(-) is the cell ranking distance
between a pair of elements X,, and X,, and is defined by
the number of cell pairs whose orders are different from the

predicted order as
Z Z‘Smn _ 5Jt

i€Cm jECK

d(Xm, Xp) = ®)

where C,, and C,, are the sets of cells in elements m and n,
respectively. §;" is 1 if grid cell ¢ in element m is visited
before grid cell 7 in element n; otherwise, 8"; " is 0. 8‘77; is the
predicted order by our model between grid cells 7 and j.

To perform the optimization, we first assign each ele-
ment 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 opti-
mize 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 ran-
dom value from the ranking orders. The optimization pro-
cess 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
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Fig. 7. Some common global-level design order patterns.

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
Sections 3.1.2 and 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 sup-
posed to be read consecutively along a horizontal (verti-
cal) direction according to the predicted global-level
order. As an example, we consider the leftmost global-
level design order pattern in Fig. 7. The cells in this gird
can be clustered into three groups. Each row with three
cells represents one group. We fill each group sequen-
tially 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/bot-
tom 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 ele-
ments with the left/center/right of the group if the group
is at the left/center/right column of the global-level
grid. We further refine the layout of the elements to con-
form to some visual design principles via an optimiza-
tion. 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.
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4 RESULTS AND EVALUATION

In this section, we first qualitatively and quantitatively eval-
uate 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 optimization 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-tar-
geting 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 x
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
B = 0.9 and B, = 0.999. The weighting factors for the loss
function are « = 0.5 and B = 1. The LSTM weights are ini-
tialized with random orthogonal matrices, and other
weights are randomly initialized. During testing, we com-
bine both local- and global-level order predictions to output
the grid-wise order. In particular, at each time step, we sam-
ple 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 predic-
tion 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 ran-
dom 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 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 accompa-
nying videos, and take the temporal order of elements in
each video as the ground truth design order of its corre-
sponding 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.
Fig. 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.
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Fig. 8. Statistical summary of the benchmark dataset. Left: the distribu-
tion 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).

4.1 Evaluation of Design Order Prediction
4.1.1 Qualitative Results

Fig. 9 shows the prediction results on our benchmark data-
set. Predicting element-wise design orders on visual notes
can be quite challenging and even ambiguous. Although
our model is trained only with coarse annotations (.e.,
global-level orders of 3 x 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 Figs. 9a
and 9b, 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 Figs. 9c and 9d.

4.1.2 Quantitative Metrics

To quantitatively evaluate the performance of our predic-
tion results, we use three metrics that have been adopted in
prior works for visual scanpath comparison, including simi-
larity score (based on the string-edit distance stated in Sec-
tion 4.2.3), pairwise 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 similarity in pixel space. Specifi-
cally, it divides a sequence of 2D points < z1,22,...,27 >
into segments {C*(t)}*,, where C*(t) =< z,..., 24451 >
and n, =T — k + 1. For each segment C*(t) in a predicted
sequence, its closest segment in the ground truth is found in
L2 sense and their distance is denoted as di(t). MMD is
defined as: % Sk di(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 predic-
tion on visual notes, we compare our approach with several
baselines and variants of our model:

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

e  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.

e No local-level cell representation. In our LocalOrderNet,
only the graphical representation of the grid is
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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.

provided at the first time step. No graphical repre-
sentations are provided for the cells at the remaining
time steps.

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

e No dynamic weighting. In our GlobalOrderNet, we
sum up image and textual representations directly.

e No local-level order regularization. We train our model
without the local-level order regularization loss.

e 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.

e 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
performs 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 lay-
outs, resulting in naive scanning patterns being misaligned

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

Edit POMR Avg.

dist. 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 atall ~ 58%  80% 74
steps

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

Best results are highlighted in bold.

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 design-
ers 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 represen-
tation 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 perfor-
mance also drops, indicating the importance of incorporat-
ing additional guidance for the LocalOrderNet. We find
that using different OCR algorithms have a similar perfor-
mance 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 detec-
tion 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. Fig. 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 graphi-
cal and textual elements, instead of just following a top-to-
bottom or left-to-right reading pattern. For example, in
Fig. 10a, each of the three icons at the center of the Page and
y
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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.

the corresponding text below it constitute a repeated verti-
cal 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
Fig. 10c, 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 meth-
ods 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-segmen-
tation, 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. Fig. 11 shows the results.
We can see that our approach is able to predict plausible
element-wise design orders with different degrees of
segmentation.

il
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i = o
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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.

4.2 Evaluation of Layout Optimization
4.2.1 Qualitative Results

Fig. 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
Fig. 12a, 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-triv-
ial for readers to immediately figure out the order that these
elements should be read, which may slow down their read-
ing pace and hinder them from understanding the underly-
ing message of the visual note.

4.2.2 Quantitative Results

We conduct a quantitative experiment on the aforemen-
tioned benchmark. We recruit three professional designers
to select good 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 experi-
ment. 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 per-
turbed 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 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 elements
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
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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).

importance of design order reasoning in the layout refine-
ment 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 net-
work 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

TABLE 2
Quantitative Comparison of Layout Optimization
Results by Different Methods

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

Best results are marked in bold.

eye-tracking research for comparing scanpaths [66]. The
similarity score S(d;, d;) between two sequences of elements
d; and d; on a visual note is defined as

Dist(di, d]) ) (9)

S(di, dj) = 100 - (1 -

where Dist(d;, d;) is the distance between sequences d; and
d; 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 origi-
nal 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’ read-
ing orders, as eye-tracking data can be noisy without a
highly controlled setting, making it difficult to infer a reli-
able and clear reading order for our study.
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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).

Fig. 13 shows the average matching rates for both the
original and optimized visual notes. We can see that as com-
pared 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 Fig. 13), our optimized
results have much higher average matching rates than their
original counterparts. For some visual notes with reason-
ably clear layouts (e.g., 10, 11 in Fig. 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 gen-
erate 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 patterns. The canvas
space of each template is divided into 3 x 3 cells, identical
to the global-level grid in Section 3.1.2.

‘Jclf"b.l’
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Our method proceeds in two steps: an initial layout esti-
mation step and a layout refinement step. In the initial lay-
out 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 x 3
global-level grid according to the global-level order, as
done in Section 3.3. We then assign each re-arranged ele-
ment to a global-level grid cell based on the amount of over-
lap. Since both the global-level order and template order are
expressed by an ordered list of 3 x 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 ele-
ments in the output visual note can be determined. Specifi-
cally, for a global-level grid cell centered at 2/, we move the
centroid coordinates ! of each element belonging to it to its
corresponding template cell centered at 3/ via 3/ + (2] — 7).
In the layout refinement step, we follow the optimization-
based refinement method in Section 3.3.

Fig. 14 shows some template-based rearrangement
results. Compared with the original visual notes, our rear-
ranged visual notes respect the input template patterns
well. For example, in the rearranged visual note in Fig. 14c,
although the template order is totally different from the
original design order, our method can still rearrange the ele-
ments 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 ele-
ment to read first and which to follow next.

Fig. 15 shows that our method can also be used to re-tar-
get a visual note to a different display size, while preserving
its design order. For example, the original visual note in
Fig. 15b 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.
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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).
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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.

5 CONCLUSION

In this paper, we have proposed an approach to automati-
cally 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 lay-
out 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 gen-
erate 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:

e Designers sometimes use symbols (e.g., order num-
bers and arrows) to guide readers on how to read the
visual notes. Without considering such a guidance

(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).

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 Fig. 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 inte-
resting to explore how modeling this kind of guid-
ance 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 produce 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 ele-
ments are subjective to define. For example, in
Fig. 16b, 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 direc-
tion 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 per-
formance. In addition, it would be an interesting
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future work to train the whole pipeline end-to-end
by converting the optimization stage into a differen-
tiable 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 reason-
able 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 super-
vision, 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 extended
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.

ACKNOWLEDGMENTS

The authors thank all reviewers for the carefully reading of
our article and the constructive comments. Rynson W. H. Lau
leads this project.

REFERENCES

[1]

[2]

(3]
[4]
[5]
[6]
[71

[8]

[9]

[10]

[11]

[12]

D. Neill, “Sketchnotes of the preface to the elements of graphic
design,” 2012. [Online]. Available: http:/ /www.thegraphicrecorder.
com/2012/06/13/sketchnotes-of-the-preface-to-the-elements-of-
graphic-design/

A. Lai, “Sketchnoting - An introduction to visual notetaking,”
2016. [Online]. Available: https://spark.adobe.com/page/
cv2DaPKXwHRY2/

A. Paivio, “Dual coding theory: Retrospect and current status,”
Can. |. Psychol., vol. 45, no. 3, pp. 255-287, 1991.

W. Hockley, “The picture superiority effect in associative recog-
nition,” Memory Cogn., vol. 36, no. 7, pp. 1351-1359, 2008.

R. Dimeo, “Sketchnoting (and scientific talks),” 2015. [Online].
Available: http:/ /essentiallyelastic.tumblr.com/sketchnotes

M. Baskinger, “Pencils before pixels: A primer in hand-generated
sketching,” Interactions, vol. 15, no. 2, pp. 28-36, 2008.

A. Bresciani, “Use pen-and-paper wireframe tools to create
incredible user experiences,” 2013. [Online]. Available: http://
www.alessiobresciani.com/digital-marketing /use-pen-and-
paper-wireframe-tools-to-create-incredible-user-experiences/

O. Lindberg, “Makayla lewis on the power of sketchnoting in UX
design,” 2018. [Online]. Available: https://theblog.adobe.com/
makayla-lewis-power-sketchnoting-ux-design/

E. Carlton, “Sketchnote basics: Layout,” 2016. [Online]. Available:
https:/ /medium.com/@emilyacarlton/sketchnote-basics-layout-
dd375f59e58d

C. Malamed, Visual Language for Designers: Principles for Creating
Graphics That People Understand. Beverly, MA, USA: Rockport Pub-
lishers, 2009.

M. Rohde, The Sketchnote Handbook: The Illustrated Guide to Visual
Note Taking. Berkeley, CA, USA: Peachpit Press, 2013.

S. McCloud, Making Comics: Storytelling Secrets of Comics, Manga
and Graphic Novels. New York, NY, USA: Harper Collins, 2006.

[13]

[14]

[15]

[16]

[171

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

3935

W. Eisner, Comics and Sequential Art: Principles and Practices From
the Legendary Cartoonist. New York, NY, USA: Norton, 2008.

B. Kittle, “Design principle no. 3 — what is design flow and how
can I use it?,” 2015. [Online]. Available: https://www.cdgi.com/
2015/01/design-principle-no-3-design-flow /

L. Itti, C. Koch, and E. Niebur, “A model of saliency-based visual
attention for rapid scene analysis,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 20, no. 11, pp. 1254-1259, Nov. 1998.

D. Brockmann and T. Geisel, “The ecology of gaze shifts,” Neuro-
computing, vol. 32, pp. 643-650, 2000.

G. Boccignone and M. Ferraro, “Modelling gaze shift as a con-
strained random walk,” Physica A: Statist. Mech. Appl., vol. 331,
no. 1/2, pp. 207-218, 2004.

W. Wang, C. Chen, Y. Wang, T. Jiang, F. Fang, and Y. Yao,
“Simulating human saccadic scanpaths on natural images,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2011, pp. 441-448.
H. Liu, D. Xu, Q. Huang, W. Li, M. Xu, and S. Lin, “Semantically-
based human scanpath estimation with HMMSs,” in Proc. Int. Conf.
Comput. Vis., 2013, pp. 3232-3239.

C. Xia, J. Han, F. Qi, and G. Shi, “Predicting human saccadic scan-
paths based on iterative representation learning,” IEEE Trans.
Image Process., vol. 28, no. 7, pp. 3502-3515, Jul. 2019.

C. Xia and R. Quan, “Predicting saccadic eye movements in
free viewing of webpages,” IEEE Access, vol. 8, pp. 15598-15610,
2020.

A. Siris, J. Jiao, G. K. L. Tam, X. Xie, and R. W. H. Lau, “Inferring
attention shift ranks of objects for image saliency,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., 2020, pp. 12 130-12 140.

M. Jiang, X. Boix, G. Roig, J. Xu, L. Van Gool, and Q. Zhao,
“Learning to predict sequences of human visual fixations,” IEEE
Trans. Neural Netw. Learn. Syst., vol. 27, no. 6, pp. 1241-1252, Jun.
2016.

Z. Chen and W. Sun, “Scanpath prediction for visual attention
using IOR-ROI LSTM,” in Proc. Int. Joint Conf. Artif. Intell., 2018,
pp. 642-648.

N. Hurst, W. Li, and K. Marriott, “Review of automatic document
formatting,” in Proc. ACM Symp. Document Eng., 2009, pp. 99-108.
C. Jacobs, W. Li, E. Schrier, D. Bargeron, and D. Salesin, “Adap-
tive grid-based document layout,” ACM Trans. Graph., vol. 22,
pp. 838-847, 2003.

G. Gange, K. Marriott, P. Moulder, and P. Stuckey, “Optimal auto-
matic table layout,” in Proc. ACM Symp. Document Eng., 2011,
pPp- 23-32.

P. O'Donovan, A. Agarwala, and A. Hertzmann, “Learning lay-
outs for Single-PageGraphic designs,” IEEE Trans. Vis. Comput.
Graphics, vol. 20, no. 8, pp. 1200-1213, Aug. 2014.

P. O’'Donovan, A. Agarwala, and A. Hertzmann, “DesignScape:
Design with interactive layout suggestions,” in Proc. Annu. ACM
Conf. Hum. Factors Comput. Syst., 2015, pp. 1221-1224.

Y. Cao, A. B. Chan, and R. W. Lau, “Automatic stylistic manga
layout,” ACM Trans. Graph., vol. 31, no. 6, 2012, Art. no. 141.

X. Zheng, X. Qiao, Y. Cao, and R. W. Lau, “Content-aware genera-
tive modeling of graphic design layouts,” ACM Trans. Graph.,
vol. 38, no. 4, 2019, Art. no. 133.

J. Li, J. Yang, A. Hertzmann, J. Zhang, and T. Xu, “LayoutGAN:
Synthesizing graphic layouts with vector-wireframe adversarial
networks,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 43, no. 7,
pp- 2388-2399, Jul. 2021.

H.-Y. Lee et al., “Neural design network: Graphic layout genera-
tion with constraints,” in Proc. Eur. Conf. Comput. Vis., 2020,
pp- 491-506.

D. M. Arroyo, J. Postels, and F. Tombari, “Variational transformer
networks for layout generation,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2021, pp. 13 637-13 647.

K. Gupta, J. Lazarow, A. Achille, L. S. Davis, V. Mahadevan, and
A. Shrivastava, “LayoutTransformer: Layout generation and com-
pletion with self-attention,” in Proc. IEEE/CVF Int. Conf. Comput.
Vis., 2021, pp. 984-994.

Y. Cao, R. W. Lau, and A. B. Chan, “Look over here: Attention-
directing composition of manga elements,” ACM Trans. Graph.,
vol. 33, no. 4, 2014, Art. no. 94.

X. Pang, Y. Cao, R. W. Lau, and A. B. Chan, “Directing user atten-
tion via visual flow on web designs,” ACM Trans. Graph., vol. 35,
no. 6, 2016, Art. no. 240.

J.Li, J. Yang, J. Zhang, C. Liu, C. Wang, and T. Xu, “Attribute-con-
ditioned layout GAN for automatic graphic design,” IEEE Trans.
Vis. Comput. Graphics, vol. 27, no. 10, pp. 40394048, Oct. 2021.

Authorized licensed use limited to: ShanghaiTech University. Downloaded on May 04,2026 at 06:14:32 UTC from IEEE Xplore. Restrictions apply.


http://www.thegraphicrecorder.com/2012/06/13/sketchnotes-of-the-preface-to-the-elements-of-graphic-design/
http://www.thegraphicrecorder.com/2012/06/13/sketchnotes-of-the-preface-to-the-elements-of-graphic-design/
http://www.thegraphicrecorder.com/2012/06/13/sketchnotes-of-the-preface-to-the-elements-of-graphic-design/
https://spark.adobe.com/page/cv2DaPKXwHRY2/
https://spark.adobe.com/page/cv2DaPKXwHRY2/
http://essentiallyelastic.tumblr.com/sketchnotes
http://www.alessiobresciani.com/digital-marketing/use-pen-and-paper-wireframe-tools-to-create-incredible-user-experiences/
http://www.alessiobresciani.com/digital-marketing/use-pen-and-paper-wireframe-tools-to-create-incredible-user-experiences/
http://www.alessiobresciani.com/digital-marketing/use-pen-and-paper-wireframe-tools-to-create-incredible-user-experiences/
https://theblog.adobe.com/makayla-lewis-power-sketchnoting-ux-design/
https://theblog.adobe.com/makayla-lewis-power-sketchnoting-ux-design/
https://medium.com/@emilyacarlton/sketchnote-basics-layout-dd375f59e58d
https://medium.com/@emilyacarlton/sketchnote-basics-layout-dd375f59e58d
https://www.cdgi.com/2015/01/design-principle-no-3-design-flow/
https://www.cdgi.com/2015/01/design-principle-no-3-design-flow/

3936

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[471

[48]

[49]

[50]

[51]
[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 29, NO. 9, SEPTEMBER 2023

H. Gibson, ]. Faith, and P. Vickers, “A survey of two-dimensional
graph layout techniques for information visualisation,” Inf. Vis.,
vol. 12, pp. 324-357, 2013.

T. Dwyer, K. Marriott, and P. J. Stuckey, “Fast node overlap
removal,” in Proc. Int. Symp. Graph Drawing, 2005, pp. 153-164.

H. Strobelt, M. Spicker, A. Stoffel, D. Keim, and O. Deussen,
“Rolled-out wordles: A heuristic method for overlap removal
of 2D data representatives,” Comput. Graph. Forum, vol. 31,
pp. 11351144, 2012.

W. E. Marcilio-Jr, D. M. Eler, R. E. Garcia, and I. R. Venturini Pola,
“Evaluation of approaches proposed to avoid overlap of markers
in visualizations based on multidimensional projection techni-
ques,” Inf. Vis., vol. 18, pp. 426438, 2019.

Y. Wu, T. Provan, F. Wei, S. Liu, and K.-L. Ma, “Semantic-preserv-
ing word clouds by seam carving,” Comput. Graph. Forum, vol. 30,
pp- 741-750, 2011.

E. Gomez-Nieto ef al., “Similarity preserving snippet-based visu-
alization of web search results,” IEEE Trans. Vis. Comput. Graphics,
vol. 20, no. 3, pp. 457470, Mar. 2014.

E. Gomez-Nieto, W. Casaca, D. Motta, I. Hartmann, G. Taubin,
and L. G. Nonato, “Dealing with multiple requirements in geo-
metric arrangements,” IEEE Trans. Vis. Comput. Graphics, vol. 22,
no. 3, pp. 1223-1235, Mar. 2016.

X. Liu, Y. Hu, S. North, and H.-W. Shen, “CorrelatedMultiples:
Spatially coherent small multiples with constrained multi-dimen-
sional scaling,” Comput. Graph. Forum, vol. 37, pp. 7-18, 2018.

E. Carrizosa, V. Guerrero, and D. R. Morales, “Visualization
of complex dynamic datasets by means of mathematical opti-
mization,” Omega, vol. 86, pp. 125-136, 2019.

V. Yoghourdjian, T. Dwyer, G. Gange, S. Kieffer, K. Klein, and
K. Marriott, “High-quality ultra-compact grid layout of grouped
networks,” IEEE Trans. Vis. Comput. Graphics, vol. 22, no. 1,
pp- 339-348, Jan. 2016.

Z. C. Lipton, ]J. Berkowitz, and C. Elkan, “A critical review
of recurrent neural networks for sequence learning,” 2015,
arXiv:1506.00019.

R. Pascanu, T. Mikolov, and Y. Bengio, “On the difficulty of train-
ing recurrent neural networks,” in Proc. Int. Conf. Mach. Learn.,
2013, pp. 1310-1318.

S. Hochreiter and J. Schmidhuber, “Long short-term memory,”
Neural Comput., vol. 9, no. 8, pp. 1735-1780, 1997.

P. J. Werbos, “Backpropagation through time: What it does and
how to doit,” Proc. IEEE, vol. 78, no. 10, pp. 1550-1560, Oct. 1990.
K. Simonyan and A. Zisserman, “Very deep convolutional net-
works for large-scale image recognition,” in Proc. Int. Conf. Learn.
Representations, 2015, pp. 1-14.

J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei,
“ImageNet: A large-scale hierarchical image database,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2009, pp. 248-255.

T. Mikolov, I. Sutskever, K. Chen, G. S. Corrado, and J. Dean,
“Distributed representations of words and phrases and their
compositionality,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2013,
pp. 3111-3119.

H. Zhang, S. Liu, C. Zhang, W. Ren, R. Wang, and X. Cao,
“SketchNet: Sketch classification with web images,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., 2016, pp. 1105-1113.

Z. Tian, W. Huang, T. He, P. He, and Y. Qiao, “Detecting text in
natural image with connectionist text proposal network,” in Proc.
Eur. Conf. Comput. Vis., 2016, pp. 56-72 .

N. Metropolis, A. Rosenbluth, M. Rosenbluth, A. Teller, and
E. Teller, “Equation of state calculations by fast computing
machines,” . Chem. Phys., vol. 21, no. 6, pp. 1087-1092, 1953.

W. K. Hastings, “Monte Carlo sampling methods using Markov
chains and their applications,” Biometrika, vol. 57, no. 1, pp. 97-109,
1970.

[60]

[61]

[62]

[63]
[64]

[65]

[66]

O. Vinyals, A. Toshev, S. Bengio, and D. Erhan, “Show and tell: A
neural image caption generator,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2015, pp. 3156-3164.

J. Nielsen, “F-shaped pattern for reading web content,” 2006.
[Online]. Available: https:/ /www.nngroup.com/articles /f-shaped-
pattern-reading-web-content-discovered /

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for
image recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recog-
nit., 2016, pp. 770-778.

S. Xie and Z. Tu, “Holistically-nested edge detection,” in Proc. Int.
Conf. Comput. Vis., 2015, pp. 1395-1403.

A. Graves, “Generating sequences with recurrent neural net-
works,” 2013, arXiv:1308.0850.

V. Levenshtein, “Binary codes capable of correcting deletions,
insertions, and reversals,” Sov. Phys. Doklady, vol. 10, no. 8,
pp- 707-710, 1966.

J. Heminghous and A. Duchowski, “iComp: A tool for scanpath
visualization and comparison,” in Proc. Symp. Appl. Percep. Graph.
Vis., 2006, Art. no. 152.

Xiaotian Qiao received the BEng and MSc deg-
rees in information and communication engineer-
ing from Zhejiang University, Hangzhou, China,
and the PhD degree in computer science from
the City University of Hong Kong, Hong Kong SAR,
China. His research interests include computer
vision and computer graphics.

Ying Cao received the BEng and MSc degrees in
software engineering from Northeastern University,
China, and the PhD degree in computer science
from the City University of Hong Kong, Hong Kong
SAR, China. His research generally lies in com-
puter graphics and computer vision. His primary
research interest is data-driven graphic design.

Rynson W. H. Lau received the PhD degree
from the University of Cambridge, Cambridge,
U.K. He was on the faculty of Durham University,
and is now with the City University of Hong Kong.
He serves on the editorial board of the Interna-
tional Journal of Computer Vision (IJCV). He
served as the guest editor of a number of journal
special issues, including the ACM Transactions
on Internet Technology, |IEEE Transactions on
Multimedia, IEEE Transactions on Visualization
and Computer Graphics, and IEEE Computer

Graphics & Applications. He also served in the committee of a number
of conferences, including program co-chair of ACM VRST 2004, ACM
MTDL 2009, IEEE U-Media 2010, and conference co-chair of CASA
2005, ACM VRST 2005, ACM MDI 2009, ACM VRST 2014. His research
interests include computer graphics and computer vision.

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

Authorized licensed use limited to: ShanghaiTech University. Downloaded on May 04,2026 at 06:14:32 UTC from IEEE Xplore. Restrictions apply.


https://www.nngroup.com/articles/f-shaped-pattern-reading-web-content-discovered/
https://www.nngroup.com/articles/f-shaped-pattern-reading-web-content-discovered/


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


