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Abstract
This paper proposes a framework for tuning a neural network by carefully choosing parameters and rules for preprocessing the concerned dataset. The rules discussed here have been
derived after working on hundreds of datasets. The paper doesn’t go into the details of
neural networks rather describes how one can easily create and build neural networks with
good performance without much effort and with a very little knowledge about the data.
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1. Introduction
In recent years, everyone has been talking about neural networks. This paper will also talk
about neural networks but from an applied point of view. Now-a-days, with advancements
in technology and availability of cheaper GPUs, anyone can train deep neural networks.
However, training a deep neural network has a lot of challenges, such as choosing the
appropriate pre-processing steps, the type of neural network, the number of layers and
choosing the appropriate hyper-parameters.
In this paper, we will see how we can minimize human interference while designing
neural networks by selection of preprocessing steps and the network architectures based
on a framework derived from a set of rules learned after using neural networks for 30-50
different datasets.
The paper is divided into four sections. Section 2 provides an overview of the neural
network libraries available in python. In section 3, we show how to build neural networks
with keras and python with the proposed framework. Section 4 discusses the results obtained
by this framework in the AutoML GPU track and section 5 concludes the paper with what
we learned by using this framework and future work. References are listed at the end of
the paper.

2. Neural Network Libraries in Python
Python is a high-level programming language which offers very fast development since its
simple, cross-platform compatible and does not involve any compilation steps. Due to the
popularity of python, a number of deep learning libraries have been developed which provide
an interface in python, some of the examples being tensorflow (Abadi et al., 2015), theano
(Theano Development Team, 2016), caffe (Jia et al., 2014), lasagne (Dieleman et al., 2015),
keras (Chollet, 2015), etc. Figure 1 presents the popularity of these deep learning libraries.
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Figure 1: The deep learning landscape, May 2016
In this paper, we will focus on Keras, the deep learning framework, originally authored
by François Chollet (Chollet, 2015). Keras provides a very easy, high level interface to both
Tensorflow and Theano which enables fast experimentations. We used keras because of its
simplicity, speed and ease of development and testing of deep learning models.
A sequential model in keras can be implemented in the following manner:
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from k e r a s . models import S e q u e n t i a l
from k e r a s . l a y e r s import Dense , A c t i v a t i o n
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model = S e q u e n t i a l ( )
model . add ( Dense ( output dim =32 , i n p u t d i m =100) )
model . add ( A c t i v a t i o n ( ” r e l u ” ) )
model . add ( Dense ( output dim =10) )
model . add ( A c t i v a t i o n ( ” softmax ” ) )
model . c o m p i l e ( l o s s= ’ b i n a r y c r o s s e n t r o p y ’ , o p t i m i z e r= ’ sgd ’ )
model . f i t (X, y , nb epoch =10 , b a t c h s i z e =32)

The next section discusses the proposed framework for preprocessing of data and rules
for selecting the architecture and hyper-parameters for the neural networks.

3. A Framework for Selecting Neural Network Architecture
The framework for selecting the neural network architecture is similar to what has been
discussed in Thakur and Krohn-Grimberghe (2015). Figure 2 provides an overview of the
rules used for preprocessing the data.
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Figure 2: Framework for the proposed system.
The very first step in the framework is identification of the task. The task identifier
identifies the task of the machine learning problem i.e. whether it is a multi-class classification task, multi-label classification task or a regression problem. The dataset then split to
validation and training set depending on the labels. For a multi-class classification a stratified split is used to ensure that the ratio of classes in the validation set is same as that of the
training set. Multi-label and regression datasets are split randomly. Task identifier stores
the following information about the dataset (provided by the AutoML challenge (Guyon
et al., 2015)):
• The type of features (binary, numeric, categorical, mixed)
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• The type of dataset (dense or sparse)
• Total number of features
• Total number of samples for training, validation and test
• Missing features, if any
• Type of target (categorical, numeric)
• Number of target variables, and,
• The evaluation metric
Once we have the validation and training data separated, we move to identification of
feature types. For neural networks, this step is simplified when compared to Thakur and
Krohn-Grimberghe (2015). The numerical features are not touched and sent directly to
feature stacker. If categorical features are present, they are one hot encoded and then passed
to the feature stacker. In case of text data (after performing tf-idf) or very sparse data,
we perform singular value decomposition (SVD). It has been found that the appropriate
number of components for SVD like between 120 to 180 for most of the datasets and this is a
number we can fit into GPU memory. In general, higher number of components may perform
better but this difference is pretty small and comes at the cost of memory requirements and
training time. The different features are then stacked together with the feature stacker.
One of the very important steps before feeding data into neural networks is data standardization or normalization. This step is performed by feature normalizer which does
scaling of data based on mean and variance, scaling the features between 0 and 1, log scaling and scaling without mean. Datasets scaled using these different methods are then fed to
the network architecture selector for selection of the number of layers, activation functions,
loss function and optimizer to be used.
Neural networks need a lot of tuning and a lot of time is spent in optimization of the
millions of hyper-parameters. It has been said that there is no rule of thumb for choosing
the size of neural networks and their parameters. But even if there are no rules of thumb,
there are certain rules that can be followed and a neural network with good performance
can be built and optimized easily. The network architecture selector selects the network
based on these rules which mostly consisted of sequential models with a dense layer, a
batch normalization layer Ioffe and Szegedy (2015), a dropout layer Srivastava et al. (2014)
to avoid over-fitting and an activation layer (ReLU Nair and Hinton (2010) or PReLU He
et al. (2015)). The output layer selector chooses the appropriate final layer for the neural
network. For multi-class classification problems we choose a softmax layer, for multi-label
classification tasks a sigmoid layer is chosen and linear activation layer for regression tasks.
Similarly, we choose categorical cross-entropy or multi-class logloss for classification tasks
and squared error for regression tasks as the loss function. After learning from several
datasets, it was found that best optimizers for most of the machine learning tasks are either
stochastic gradient descent or adam optimizer Kingma and Ba (2014). Thus, we kept only
these two optimizers in pipeline.
The most interesting step in network architecture selector is selection of number of layers
and their parameters. This is performed by a modified random search. The selector starts
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with a single layer network with a dense layer of 120-500 neurons, batch normalization,
PReLU activation and a dropout of 10-20%. The performance is noted and an extra layer
with the same configuration is added to the network. With the online evaluator, we measure
the performance of the network with these two different configurations. The number of
neurons is then increased in both layers to 1200-1500 and performance is noted again.
If the network does not perform better than the previous configuration, the dropout is
increased to 40-50%. A big network with 8000-10000 neurons is then chosen with the same
dropout and results are recorded again. If everything fails or if the network overfits, the
dropout is increased to a very high value ranging from 60% to 80% and performance is
recorded again. The network selector keeps adding layers, changes number of neurons per
layer, changes dropout, checks if batch normalization improves performance and records the
performance of the network. Since all the values are chosen from a bucket of parameters
with fixed ranges, we don’t go into endless loop.
For the AutoML datasets, this whole process took less than one hour per dataset with
a total runtime of approximately two hours for all the datasets. The results obtained by
use of this framework on the AutoML datasets are discussed in the next section.

4. Results on AutoML Datasets
The AutoML competition lasted for almost a year with 6 phases. The last phase of the
competition consisted of a GPU phase with the same datasets as the CPU phase. Every
phase of the competition provided five different anonymous datasets. The datasets in the
final phase were named as: evita, flora, helena, tania and yolanda. The following snippet
shows the network build for yolanda using the framework discussed above.
1

dims = t r a i n i n g d a t a . shape [ 1 ]
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model = S e q u e n t i a l ( )
model . add ( Dense ( 1 5 0 , i n p u t s h a p e =(dims , ) ) )
model . add ( B a t c h N o r m a l i z a t i o n ( ) )
model . add (PReLU ( ) )
model . add ( Dropout ( 0 . 1 ) )
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model . add ( Dense ( 1 5 0 ) )
model . add (PReLU ( ) )
model . add ( B a t c h N o r m a l i z a t i o n ( ) )
model . add ( Dropout ( 0 . 1 ) )
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model . add ( Dense ( 1 ) )
model . add ( A c t i v a t i o n ( ’ l i n e a r ’ ) )
model . c o m p i l e ( l o s s= ’ m e a n s q u a r e d e r r o r ’ , o p t i m i z e r= ’ adam ’ )

17
18

model . f i t ( t r a i n i n g d a t a , l a b e l s , nb epoch =20 , b a t c h s i z e =128)

The final standings and the scores obtained in the final phase of the AutoML GPU track
are shown in Table 1.
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Dataset
Evaluation Metric
Abhishek
Damir
AAD Frieburg

Evita
AUC
0.5694
0.5816
0.5866

Flora
A Metric
0.5001
0.5061
0.4540

Helena
BAC
0.2381
0.2469
0.2673

Tania
PAC
0.7617
0.7498
0.7557

Yolanda
R2
0.3870
0.3654
0.3782

Table 1: Results of the final phase for AutoML GPU track
The resulting networks from the framework secured first place in the GPU phase of
the competition. AutoCompete (Thakur and Krohn-Grimberghe, 2015) combined with
AutoCompete 2.0 secured third spot in the final phase of the CPU track shown in figure 3.

Figure 3: Final phase results for CPU track.
(Guyon et al.) discusses the results and methodologies used by the participants in detail.

5. Conclusion and Future Work
This paper proposed a framework for automatic selection of neural network architectures
with pre-processing of the datasets. The framework tends to minimize human interference
to a great extent while training and evaluating a neural network model.
Although the current framework works perfectly for both CPU and GPU systems, it
still has a lot of scope for improvement. The next steps for improvement of the framework
before publishing would be addition of more pre-processing steps, a better way of selection
of parameters for the neural network models, addition of graphical models and sequential
models, e.g. LSTMs and convolutional neural networks.
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