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1. What is the Computational Neuroscience? 

Let’s start by explaining Computational Neuroscience before we don’t mention about deep 

learning. Computational neuroscience  is a sub-branch of neuroscience that uses mathematical 

methods to simulate and understand the function of the nervous system. 

 

The brain is a computing device. Computational models can provide us talk about functions of 

the brain in a precise way. Abstract and formal theory can help us organize and interpret data. 

 

The brain implements a functional mapping of sensory inputs to motor outputs. The physical 

parts of brain are important insofar  as they represent step in this formal calculation. Any 

physical device implementing the same formal system would have the same “mind properties” as 

a brain. 

Computational neuroscience is the study of brain function in terms of the information 

processing properties of the structures that generate the nervous system. It is an interdisciplinary 

science that links the various fields of neuroscience, cognitive science, 

and psychology with electrical engineering, computer science, mathematics, and physics. 

http://en.wikipedia.org/wiki/Brain_function
http://en.wikipedia.org/wiki/Information_processing
http://en.wikipedia.org/wiki/Information_processing
http://en.wikipedia.org/wiki/Nervous_system
http://en.wikipedia.org/wiki/Neuroscience
http://en.wikipedia.org/wiki/Cognitive_science
http://en.wikipedia.org/wiki/Cognitive_psychology
http://en.wikipedia.org/wiki/Electrical_engineering
http://en.wikipedia.org/wiki/Computer_science
http://en.wikipedia.org/wiki/Mathematics
http://en.wikipedia.org/wiki/Physics
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Computational neuroscience is different from psychological connectionism and from learning 

theories of disciplines such as machine learning, neural networks, and computational learning 

theory in that it emphasizes descriptions of functional and biologically realistic neurons and their 

physiology and dynamics. These models capture the fundamental features of the biological 

system at multiple spatial-temporal scales, from membrane currents, proteins, and chemical 

coupling to network oscillations, columnar and topographic architecture, and learning and 

memory. 

2. What is the Deep Learning? 

Deep learning is a set of algorithms in machine learning that attempt to model high-level 

abstractions in data by using architectures consisting multiple non-linear transformations.  

Deep learning is part of a wider family of machine learning methods based on learning 

representations. An observation (e.g., an image) can be represented in some ways (e.g., a vector 

of pixels), but some representations make it easier to learn tasks of interest (e.g., is this the image 

of a human face?) from examples, and research in this area attempts to define what makes better 

representations and how to create models to learn these representations. 

Many deep learning architectures such as deep neural networks, convolutional deep neural 

networks, and deep belief networks have been applied to fields like computer vision, automatic 

speech recognition, natural language processing, and music/audio signal recognition where they 

have been shown to generate state-of-the-art results on various tasks. 

The technology that called deep learning, has already been put to use in services like Apple’s Siri 

virtual personal assistant, which is based on Nuance Communications’ speech recognition 

service, and in Google’s Street View, which uses machine vision to identify specific addresses.  

In recent times, Deep-learning systems have outperformed humans in certain limited recognition 

tests. 

Actually, deep learning is only part of the larger challenge of building intelligent machines. Such 

techniques lack ways of representing causal relationships (such as between diseases and their 

symptoms), and are likely to face challenges in getting abstract ideas like “sibling” or “identical 

to.” They have no clear ways of performing logical inferences, and they are also still a long way 

from integrating abstract knowledge, such as information about what objects are, what they are 

for, and how they are typically used. The most powerful A.I. systems use techniques like deep 

learning as just one element in a very complicated ensemble of techniques, ranging from the 

statistical technique of Bayesian inference to deductive reasoning. 

In fact, deep learning algorithms are based on distributed representations, a concept used in 

machine learning. The underlying assumption behind distributed representations is that observed 

http://en.wikipedia.org/wiki/Connectionism
http://en.wikipedia.org/wiki/Machine_learning
http://en.wikipedia.org/wiki/Neural_networks
http://en.wikipedia.org/wiki/Computational_learning_theory
http://en.wikipedia.org/wiki/Computational_learning_theory
http://en.wikipedia.org/wiki/Neural_oscillation
http://en.wikipedia.org/wiki/Algorithm
http://en.wikipedia.org/wiki/Machine_learning
http://en.wikipedia.org/wiki/Machine_learning
http://en.wikipedia.org/wiki/Learning_representation
http://en.wikipedia.org/wiki/Learning_representation
http://en.wikipedia.org/wiki/Neural_network
http://en.wikipedia.org/wiki/Convolutional_neural_network
http://en.wikipedia.org/wiki/Convolutional_neural_network
http://en.wikipedia.org/wiki/Deep_belief_network
http://en.wikipedia.org/wiki/Computer_vision
http://en.wikipedia.org/wiki/Automatic_speech_recognition
http://en.wikipedia.org/wiki/Automatic_speech_recognition
http://en.wikipedia.org/wiki/Natural_language_processing
http://smash.psych.nyu.edu/courses/spring09/modeling/materials/marcusrethink.pdf
https://en.wikipedia.org/wiki/Bayesian_inference
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data is produced by the interactions of many different factors on different levels. Deep learning 

attachments the assumption that these factors are organized into multiple levels, corresponding to 

different levels of abstraction or composition. Layer sizes and varying numbers of layers can be 

used to provide different amounts of abstraction.  

Actually, many deep learning algorithms are framed as unsupervised learning problems. Because 

of this, these deep learning algorithms can make use of the unlabeled data that other algorithms 

cannot. Unlabeled data is usually more plenty than labeled data, making this a very important 

benefit of these algorithms. 

3. Deep learning architectures 

Let’s  explain some common architectures used for deep learning. Basic models of deep neural 

networks and deep belief networks are given below. 

3.1. Deep neural networks 

A deep neural network (DNN) is defined to be an artificial neural network with at least one 

hidden layer of units between the input and output layers, A DNN is also a universal 

approximator.
[30]

 Deep neural networks can model complex non-linear relationships. The extra 

layers provide it added levels of abstraction, thus increasing its modeling capability. Typically, 

DNNs are designed as feedforward networks, but recent research has successfully applied the 

deep learning architecture torecurrent neural networks for applications such as language 

modeling. Convolutional deep neural networks (CNNs) are used in computer vision where their 

performance is well-documented. In recent times, CNNs have been applied to acoustic 

modeling for automatic speech recognition (ASR), where they have shown success over previous 

models.  

 A DNN can be discriminatively trained with the standard back-propagation algorithm. Here, the 

weight updates can be done via stochastic gradient descent using the following equation: 

 

In this equation,  is the learning rate, and  is the cost function. The choice of C(the cost 

function) depends on factors such as the learning type (supervised, unsupervised, reinforcement, 

etc.) and the activation function. For instance, when performing supervised learning on a 

multiclass classification problem, common choices for the activation function and cost function 

are the softmax function and cross entropy function, respectively.Here, The softmax function is 

defined as  where  represents the class probability and  and 

 represent the total input to units  and  respectively. The cross-entropy is defined 

http://en.wikipedia.org/wiki/Artificial_neural_network
http://en.wikipedia.org/wiki/Universal_approximation_theorem
http://en.wikipedia.org/wiki/Universal_approximation_theorem
http://en.wikipedia.org/wiki/Deep_learning#cite_note-30
http://en.wikipedia.org/wiki/Feedforward_neural_network
http://en.wikipedia.org/wiki/Recurrent_neural_network
http://en.wikipedia.org/wiki/Language_model
http://en.wikipedia.org/wiki/Language_model
http://en.wikipedia.org/wiki/Convolutional_neural_network
http://en.wikipedia.org/wiki/Acoustic_model
http://en.wikipedia.org/wiki/Acoustic_model
http://en.wikipedia.org/wiki/Discriminative_model
http://en.wikipedia.org/wiki/Backpropagation
http://en.wikipedia.org/wiki/Stochastic_gradient_descent
http://en.wikipedia.org/wiki/Loss_function
http://en.wikipedia.org/wiki/Activation_function
http://en.wikipedia.org/wiki/Softmax_activation_function
http://en.wikipedia.org/wiki/Cross_entropy
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as  where  represents the target probability for output unit  and 

 is the probability output for  after applying the activation function.  

 

 

3.2. Deep belief networks 

  

 

 

An restricted Boltzmann machine(RBM). Note there are no hidden-hidden or visible-visible 

connections. 

We restrict the connectivity to make learning easier. 

– Only one layer of hidden units. 

• We will deal with more layers later 

– No connections between hidden units. 

• In an RBM, the hidden units are conditionally independent given the visible states. 

– So we can quickly get an unbiased sample from the posterior distribution when given a data 

vector. 

– This is a big advantage over directed belief nets 

A deep belief network (DBN) is a probabilistic, productive model made up of multiple layers of 

hidden units. It can be looked at as a composition of simple learning modules that create each 

layer.  

A DBN can be used for productively pre-training a DNN by using the learned weights as the 

initial weights. Back-propagation or other discriminative algorithms can be applied for fine-

tuning of these weights. This is particularly helpful in situations where limited training data is 

available, as poorly initialized weights can have significant impact on the performance of the last 

http://en.wikipedia.org/wiki/Restricted_Boltzmann_machine
http://en.wikipedia.org/wiki/Generative_model
http://en.wikipedia.org/wiki/File:Restricted_Boltzmann_machine.svg
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model. These pre-trained weights are in a region of the weight space that is closer to the optimal 

weights. This allows for both optimized modeling capability and faster convergence of the fine-

tuning phase.  

A DBN can be effectively trained in an unsupervised, layer-by-layer manner where the layers are 

typically made of restricted Boltzmann machines (RBM). A description of training a DBN via 

RBMs is showed below. An RBM is an undirected, productive energy-based model with an input 

layer and single hidden layer. There are connections only  between the visible units of the input 

layer and the hidden units of the hidden layer. There are no visible-visible or hidden-hidden 

connections. 

The training method for RBMs was initially suggested by Geoffrey Hinton for use with training 

"Product of Expert" models and is known as contrastive divergence (CD). This CD provides an 

approximation to the maximum likelihood method that would ideally be applied for learning the 

weights of the RBM.  

In training a single RBM, weight updates are performed with gradient ascent using the following 

equation:  

 

In this equation, is the probability of a visible vector, which is given 

by . Here,  is the partition function (used for normalizing) 

and  is the energy function assigned to the state of the network. A lower energy 

specifies the network is in a more "desirable" configuration. The gradient  has the 

simple form ( ) where  represent averages with respect to 

distribution . The issue occurs in sampling  as this requires running 

alternating Gibbs sampling for a long time. The CD replaces this step by running alternating 

Gibbs sampling for  steps. After this  steps, the data is sampled and that sample is used in 

place of . The CD procedure works as follows:  

 Initialize the visible units to a training vector. 

 Update the hidden units in parallel given the visible 

units: .  represents the sigmoid function 

and  is the bias of . 

http://en.wikipedia.org/wiki/Restricted_Boltzmann_machine
http://en.wikipedia.org/wiki/Undirected_graph
http://en.wikipedia.org/wiki/Maximum_likelihood
http://en.wikipedia.org/wiki/Gradient_descent
http://en.wikipedia.org/wiki/Gibbs_sampling
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 Update the visible units in parallel given the hidden 

units: .  is the bias of . This is called 

the "reconstruction" step. 

 Re-update the hidden units in parallel given the reconstructed visible units using the 

same equation as in step 2. 

 Perform the weight update: . 

Once an RBM is trained, another RBM can be "stacked" atop of it to generate a multilayer 

model. Each time another RBM is stacked, the input visible layer is initialized to a training 

vector and values for the units in the already-trained RBM layers are assigned using biases and 

the current weights. The last layer of the already-trained layers is used as input to the new RBM. 

The new RBM is trained with the procedure above, and then this whole process can be repeated 

until some desired stopping criterion is met.  

Despite the approximation of CD to maximum likelihood being very crude, empirical results 

have shown it to be an effective method for use with training deep architectures.
  

Deep belief nets are probabilistic productive models that are composed of multiple layers of 

stochastic, latent variables. The latent variables typically have binary values and are often called  

 feature detectors or hidden units. There are undirected, symmetric connections between them 

and form an associative memory in the top two layers. The lower layers receive top-down, 

directed connections from the layer above. The states of the units in the lower layer represent a 

data vector. 

The two most important properties of deep belief nets are: 

 There is an efficient, layer-by-layer procedure for learning the top-down, productive weights 

that determine how the variables in one layer depend on the variables in the layer above. 

 After learning, the values of the latent variables in every layer can be inferred by a single, 

bottom-up pass that starts with an observed data vector in the bottom layer and uses the 

productive weights in the reverse direction. 

Deep belief nets are learned one layer at a time by treating the values of the latent variables in 

one layer, when they are being derived from data, as the data for training the next layer. This 

efficient, greedy learning can be followed by, or combined with, other learning procedures that 

fine-tune all of the weights to improve the creative or discriminative performance of the whole 

network. 

Discriminative fine-tuning can be implemented by adding a final layer of variables that represent 

the desired outputs and back propagating error derivatives. When networks with many hidden 

layers are applied to highly-structured input data, such as images, back-propagation  performs 

http://www.scholarpedia.org/article/Memory
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much better if the feature detectors in the hidden layers are initialized by learning a deep belief 

net that models the structure in the input data. 

 

3.3. Convolutional neural networks 

A CNN consists one or more convolutional layers with fully connected layers (matching those in 

typical artificial neural networks) on top. It also uses pooling layers and tied weights. This 

architecture allows CNNs to take advantage of the 2D structure of input data. Compared to other 

deep architectures, convolutional neural networks are starting to show superior results in both 

image and speech applications. They can also be trained with standard back-propagation 

algorithms. CNNs are more easly to train than other regular, deep, feed-forward neural networks 

and have many fewer parameters to estimate, making them a highly attractive architecture to use.  

 

3.4. Convolutional Deep Belief Networks 

Probably the most recent achievement in deep learning is from the use of convolutional deep 

belief networks (CDBN). A Convolutional Deep Belief Networks is very similar to 

normal Convolutional neural network in terms of its structure. Thus, like CNNs they are also 

able to exploit the 2D structure of images combined with the advantage gained by pre-training 

in Deep belief network. They provide a generic structure which can be trained in a way similar to 

that for Deep Belief Networks and can be used in many image and signal processing tasks. In 

recent times, many benchmark results on standard image datasets like CIFAR  have been 

obtained using CDBNs.  

 

 

 

 

 

 

 

 

 

 

 

http://en.wikipedia.org/wiki/Convolution
http://en.wikipedia.org/wiki/Convolutional_neural_network
http://en.wikipedia.org/wiki/Deep_belief_network
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