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Introduction

mid Histogram of Oriented Gradients (PHOG)
features. In 1998, Lecun solve the handwritten
digit problem by LeNet [12]. We mainly use
LeNet architecture to solve characters recognition. Yangqing Jia developed caffe [9], which
make Deep Learning very easy to use. Thanks
to caffe, we can reuse LeNet architecture and
train collected data.

In academic area, LATEX is widely used. But
it takes people a large amount of time to write
the code for formulas and mathematical expressions. Besides this, people often don’t know how
to write some special mathematical symbols and
then need to go to do a search. Therefore, it is
very useful to have some tool that can translate
a math formula image into LATEX code. With
such a tool, when one wants to insert some math
formula in LATEX, they only need to write formulas on paper, take pictures of them then our
tool will give out the code. This can save the
researchers a large amount of time. In addition, another very promising application is to
help people solve equation. At now when people
want to get some assist in solving an equation,
most will go to wolframalpha.com and type the
equation in the system. The typing process is
awful. It will be so great if there is a software to
handle this process automatically. Some studies
have shown that on-line methods can get better result than offline ones[6]. In intuition, it
is obvious because on-line method store strokes
as data which have more information than offline method. The advantage of offline method
is that which has much wider applications. For
example, one of our project goal is to take photo
of hand written mathematical expression and
the program will recognize it. In this case, the
goal cannot be achieved by using on-line. That
is why we choose offline approach.

The research of the Convolutional Neural Network can be traced back as early as Hubel and
Wiesel’s biological work [8]. The visual field
is affected by the sub-regions of cells which
act like local filters. CNN has one or more
convolutional layers, often followed by one or
more fully connected layers [17]. Conventionally, a full ConvNet architecture consists of
Convolutional Layer, Pooling Layer, and FullyConnected Layer (exactly as seen in regular
Neural Networks) [16]. LetNet is considered
as the first successful applications of Convolutional Networks and the major usage of LetNet architecture is to read zip codes, digits,
etc[16] in 1990s’. However, CNN hardly gained
its attentions by the vision community only after 2012 ImageNet challenge. Alex Krizhevsky,
Ilya Sutskever and Geoffrey E. Hinton created
a deep CNN to get incredibly good result [11].
Although CNN is quite prevalent today, Hinton gave a talk[7] about the dark side of CNN
indicate that human beings have not really understood what CNN was.
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Approach

Related Work
In order to solve such a problem, we decompose
it into several subproblems. The first step is to
preprocess the raw input image so that it can be

Nicolas et al. [14] introduced a method to recognize a math expression (online) using Pyra1

if we saw a matrix has lots of 0. Then we crop
the symbol in the image and add the padding to
make it square. This step is necessary because
it extract the symbol and normalize it, while it
causes some problem such as the lower case ‘c’
and upper case ‘C’ will become the same. We
can solve this problem when we do the semantic parsing. The last step is to move the image
data to LMDB database which can be used by
Caffe. The procedure is shown in Figure 1.

handled better in later steps. The second task
is to do a segmentation on the image to have all
pixels for one symbol in a set. The next one is
to figure out the location and size of each single
symbol with the information provided by the
previous segmentation process. Then, we need
a classifier to recognize each symbol. At last,
there should be some parser which in cooperate
both the location and classification information
to get the final result. For the parser, we have
not started because we did not get good enough
accuracy for classification.

3.1

Data prepare

One of the biggest challenges in machine learning is to prepare an appropriate data set. In
our case, first we need to collect LATEX symbols.
Luckily enough, we found Dr. Daniel Kirsch
had collected lots of LATEX symbols in his detexify project [10]. While detexify data set do
not symbols that can be typed directly in LATEX
such as digits, English letters and some simple
math symbols. For digits, we use the MNIST
databases [13]. Since it is relatively large, we
only use part of its data to train. The handwritten English letters is from The Chars74K
data set [4]. At last, we collect a few extra math
symbols data from write-math [15] to our data
set.

3.2

Figure 1: Data Preprocess

3.3

Data Resampling

Some symbols have enough data (like digits),
while some symbol has very few data (like English letters). For those symbols lack of image
samples, we copy them and make them up to
1,000 images. For those symbols have lots of
image samples, we choose randomly up to 1,000
images. The reason we need to balance the data
set is that the strategy we chosen for caffe is
SDG, which will randomly pick up data sample. If we do not balance the data set, then the
neural network will have biased prior for categories, which will cause it to have some unfair
preference to those categories that have more
data points in the training set. This is due to
the neural network is a statistical approach, if
we give it an unbalanced data set, it will get
an inaccurate statistical conclusion that some
category has a much more occurring rate than
others. This should be avoided.

Data preprocess

Since our images are from several data sets, we
need to unify these data sets by some preprocessing measures. First step is to convert all
the images to the “png” format. The image
data we use are in several different image formats in their original data set. For the Detexify
and Write-Math data set, the authors use SVG
stroke data to save the writing trail of symbols.
We need to decode them and stored them in
png formats. Second step is to take gray scale
and negate the color of the image. We need to
make sure all images in our data set have the
black background. This will benefit the computation. Think about when we do the matrix
multiplication by hand, how happy we will be

3.4

Classification

Since LeNet got a successful application on
hand written digit, we think this architecture
should also have reasonable performance on
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our classification task, to recognize digits, English letter, Greek letters, and some math symbols. Mostly we keep the original architecture
of LeNet. The only thing we need to modify is
the last layer. We changed the output classes
from 10 to 101 (we have 101 categories for symbols). To be specific, our neural network has 7
layers, consisting 2 convolutional layers, 2 pooling layers, and 3 full connected layers. The first
layer is a convolutional layer one, with 28x28
inputs with 1 channel and 20 filters with kernel
size 5x5. The output is in dimension 24x24x20.
The pooling layer one following this has 2x2 kernel size and moving in stride 2 with a maximum
kernel. Then the next one is convolution layer
two which takes input of 12x12x20 and has 50
5x5 filters. The output is 8x8x50. Upon this is
another pooling layer with 2x2 and 2 strides, resulting in a 4x4x50 output. The following layer
is a fully connected layer with 500 neurons and
ReLU activation function. Then following this
is another fully connected layer with 101 outputs and identification transfer function. Finally the last layer is a softmax layer.

for the segmentation task. One problem with
this method of localization is that the output of
the segmentation algorithm does not only containing the segments for symbols, but also those
for the background. Here we use a naive method
to separate these two cases. We compute the average intensity of all pixels in one segment and
set a threshold for this. If the average intensity
is below this value we consider the segment to
be part of the background, otherwise we adopt
it as a symbol. To get the location and size, we
just find minimum and maximum of x and y.
Some desired output is shown in the following
figure 2,

3.5

To evaluate the neural network we trained, we
used the test set that is subsampled from the
whole data set before we do the resampling. We
are ruling out the test samples firstly in case the
training data have some test samples. The accuracy we got for 101 classes we chose on the
test data set is 81.5%

Figure 2: Localization
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Segmentation

We use Efficient Graph-Based Image Segmentation (EGBIS) algorithm[5] to do the segmentation job in method. This algorithm is a spanning tree algorithm for the segmentation task.
It treats the image as a graph, and assign edge
to every two adjacent pixels. According to their
difference in color the algorithm assigns weights
to edges. After we construct the graph, the algorithm first finds the minimum spanning tree
for this graph, and then cut those edges with
weights over a threshold to get a forest.

3.6

4.1

Experiment

Learning Rate and Batch Size

We trained several versions of our convolutional
neural network on our combined data set, for
each configuration we train generally 30,000 iterations with batch size 64 batch size or 256
batch size. We use decay on the values of the
global learning rate η with a factor 0.00028.
This is set as we downloaded caffe, we find
this parameter performs well, so we keep it unchanged. We tried a lot different learning rates,
range from 0.00001 ˜0.01. At first we use quite
a large learning rate, that is the default value
in the package for LeNet model in caffe. However, this caused the training of neural network

Localization

After the segmentation step, the task is to locate symbols in the image based on the segmentation result. Here is what we do. We find all
pixels according to the segmentation. For each
segment there will be a tree structure to organize all pixels in a segment. This is because the
“EGBIS” algorithm is a spanning tree algorithm
3

to diverge. The loss of the output of the neural network keeps at a large value. After trying
different values, finally we find the value 0.002
is good for our problem.

size. The situation will be different. Here is one
way to consider this. The enlarged batch size
will be better in averaging out the noise in the
gradient. With the noise smoothed out, we are
able to get closer approximation. As long as we
are keeping the track of some nearly right direction, we don’t need to set the learning rate at a
very small value.

Later we also found that the batch size has a
large relationship to the step size. With large
batch size, we found that we can use relative
large learning rate.

4.2

Stroke Size

For the image generated from SVG data, at first
we used a thin stroke, 5px, to convert it into an
image, and get the image on the left in figure 4.
For now it seems good.

Figure 3: Learning Curve of Neural Network
Figure 4: with stroke 5px,
original on the left, and resized on the right

One explanation for this could be that since
we are using mini-batch stochastic gradient descent, the input data are random, and this
means that the gradient we use to update the
weights is a not a true gradient for the optimization problem, but a noised approximation
to it. So, when using small batch size, the gradient might differ significantly, and thus lead the
weights of the neural network to be updated in a
wrong way. In such circumstances, if we are just
using some small learning rate, the noise will
not cause much hurt, and as long as the whole
dataset is stable enough and do not have a too
big variance, the weights will converge to some
point. However, if we use some big learning
rate, we will move too far along the noised gradient. Then for a next given input data batch,
we will probably get bigger loss/error. This increased loss in turn will result in an even larger
gradient, according to the partial gradient derived from the loss function. Therefore, following this loop, the loss grows larger and larger,
at last stops at some boundary.

However the problem occurred after we resize
the image to a 28x28 size. The symbol became
very blur. The reason is that the original SVG
image is quite large (400x400). This large ratio resizing averaged the pixels out. After we
trained the convolutional neural network using
this kind of images, we only got very poor result,
about 40% even only for 10 categories. Then we
tried different widths for strokes, say 7px, 11px,
14px, 18px. Then, we compared the effects of
resized image and picked 14 and 18 to make further comparison in the neural network. After
experiments we found that 14 is slightly better
than 18, so we choose this as our final stroke
size.

Figure 5: with stroke 14px,
original on the left, and resized on the right

On the other hand, if we choose not only a relative large learning rate but also a larger batch
4

4.3

Fine Tuning

Third, we have not figured out the fundamental reason why we only achieve 81.5% accuracy.
Lack of handwritten English letters may be a
major reason. An evidence is that we can easily
recognize α + β, but our program is always failing to recognize a + b. Another reason, maybe
overfitting. The duplications of English letters
data might cause this. We can solve this problem by increasing handwritten English letters
training data.

We also tried two fine tuning method. One
is to fine tuning the pre-trained LeNet model
on MNIST data set. Even this model is only
trained on the MNIST data set that only consisting of hand written numbers, but we think
that this might be helpful for us to get some
better result. Our reasoning is that even the
numbers are quite different from English and
Greek characters, and also math symbols, they
still share a lot of similarities. For example, they
are all written by hand, so that they can be seen
as some subsets that belonging to a same large
category. Also, they share a lot of similar local
features, like straight line, curve, circle, angle,
corner, and so on. Based on these guess, we
think that the feature extracting filters learned
by LeNet through the MNIST data set should
also work on
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We notice that the Chars74K data set has lots of
images about English letters that are not hand
written. We have not tested those data because
those English letters may be dirty data, but we
only get a few samples of English handwritten
letters. Therefore, we would like to have a try
on those data, though we are not sure whether
these data are useful for our neural network or
not. We also think about another way of fine
tuning the LeNet. For example, we extract the
first layer of filter, and keep it fixed and then
start fine tuning the rest layer. Visualizing the
filters in LeNet may be helpful because we can
compare them with ours in order to do more
analysis. We also want to work on parser work
after improving the classification accuracy. This
work includes a segment correctly split symbols,
such as ‘i’, ‘=’. We may consider the grammar
based inference or consider the mathematical
formula as sort of prior knowledge [2]. Belief
propagation will also be a appropriate tool to
do the segmentation to deal with cases when
the background contains much noise.

The other try we did is to use a pre-trained
model of Alexnet[11]. This model is trained
on a LSVRC-2010 ImageNet training set. We
successfully run this pre-trained CNN, but we
failed to do the right fine tuning because our
laptop cannot handle this CNN on caffe. Each
iteration needs lots of time. We end up with
less than 10% accuracy with a few iterations.

5

Future work

Conclusion

First, we found it is very useful to have the character to be properly bold before we send it to
the convolutional neural network. For svg image this can be done very easily, for images one
thing we can use is the dilution. For now we
just use the simplest dilution operation that operates a squared region, but we notice that this
kind of operation will cause aliases. We can use
some structured dilution for future.
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[2] Francisco Álvaro, Joan-Andreu Sánchez,
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