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Abstract This dissertation designs an artificial neural network (ANN) that embodies the capacity to respond to overall salience signals, thus creating a Salience-Affected Neural Network (SANN).
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Glossary For the purpose of this dissertation, the following term has been defined. •



The salience of an entity refers to its state or quality of standing out relative to neighboring entities.



•



The salience influence rate is defined as the rate at which the thresholds were influenced by the salience signals.



Acronyms For the purpose of this dissertation, the following acronyms have been defined. •



ANN – artificial neural network



•



DLA – dynamic ling architecture



•



MLP – multilayer perceptron



•



NMF – non-negative matrix factorization



•



NN – neural network



•



SANN – salience affected neural network



x



Introduction As mentioned in the glossary, the salience of an entity refers to its state or quality of standing out relative to neighboring entities. If an entity is more significant than neighbouring entities, it is said to have a higher salience.



Beebe and Lachmann explain the three principles of salience that describe the interaction structures in the first year of life. These are the principles of ongoing regulations, disruption and repair, and heightened affective moments. These principles are variations on the ways in which expectancies of social interactions are organized. (Beebe& Lachmann, 1994)



The term ongoing regulation describes the characteristic pattern of repeated interactions, such as a child interacting with their mother or father. Disruption and repair describes a specific event that is broken out of a broader sequence of regular events. Heightened affective moments describes one dramatic moment stands out in time, among other events. (Beebe& Lachmann, 1994)



How exactly the cortex achieves salience is a continuous debate. This chapter continues to explore Kanold’s work on the subplate, the chemical effects of Dopamine, Edelman’s concept of diffused projections and the value system, and finally the effect of sustained responses.



Kanold discovered that in infants, there exists a layer of neurons, called subplate neurons, which promote synaptic scaling and maturation. This chapter continues to explore Kanold’s research.
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Subplate Kanold’s research includes subplate neurons, a transient population of neurons in the brain forming one of the first functional cortical circuits. Subplate neurons are unique in that they form transient circuits that appear to promote synaptic scaling and maturation in infants (Kanold, 2004) and are required for development of connections between the thalamus and the cerebral cortex (Kanold and others, 2003).



Kanold paid particular interest into the field of vision. Ghosh and Shatz discovered that subplate neurons are also required for formation of ocular dominance columns in the visual cortex (Ghosh& Shatz, 1992). Subplate circuits are essential not only for the anatomical segregation of thalamic inputs but also for key steps in synaptic remodeling and maturation needed to establish the functional architecture of the visual cortex. (Kanold and others, 2003)



Kanold found that subplate neurons appear to play multiple key roles at different stages of development, and suggests that subplate neurons might also play a role in the pathology of developmental disorders, such as epilepsy and schizophrenia. (Kanold, 2004)



Chemicals in the brain may also be responsible for the presence of salience, and this chapter continues to explore the Berridge and Robinson’s research on Dopamine.



Dopamine Berridge and Robinson discovered that dopamine systems are not needed either to mediate the hedonic pleasure of reinforcers or to mediate predictive associations involved in hedonic reward learning as once believed, but instead that dopamine may be more important to incentive salience attributions to the neural representations of reward-related stim-
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uli. Berridge and Robinson define incentive salience as a distinct component of motivation and reward. (Berridge& Robinson, 1998)



“In other words, dopamine systems are necessary for ‘wanting’ incentives, but not for ‘liking’ them or for learning new ‘likes’ and ‘dislikes’.” (Berridge& Robinson, 1998)



We therefore acknowledge that chemicals in the cortex may affect components of motivation and reward.



This dissertation continues to investigate specifically how neurotransmitters in the cortex can affect the salience of both learning and memory, as described by Edelman.



Diffuse Projections Edelman explains that apart from motor and sensory systems, the human brain has at least three classes of connections relating to the cortex. The first is localized interneuronal connections forming layered neural networks, as emphasized by connectionist models of the brain. The second includes longer range inter-neuronal connections forming re-entrant paths between neurons in different cortical areas, linking different local neural networks together, and inhibitory loop structures linking regions in a local neural network to itself. The third includes diffuse projections from the limbic system to the cortex (the ascending systems), and forms the main focus of this dissertation. (Edelman, 2004)



Ascending System Edelman realized that the ascending systems each have a different neurotransmitter, and from their nuclei of origin they send axons up and down the nervous system in a diffused spreading pattern. Edelman refers to these ascending systems as value systems. The effect of the value system projecting profusely is that each neurotransmitter affects large popu-
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lations of neurons. The release of the neurotransmitter affects the probability that neurons in the neighbourhood of value-system axons will fire after receiving glutamatergic input. These systems bias neuronal responses affecting both learning and memory and for this reason that they are termed value systems. (Edelman, 2004)



Learning and memory can be affected by either sustained or transient responses, and this dissertation continues to investigate the research performed by Downara, Mikulisa & Davisa.



Sustained vs. Transient Response There are various classes of sensory experience, but Downara, Mikulisa & Davisa specifically studied pain, as it is thought to be in a unique class from the perspective of salience. (Downara,Mikulisa & Davisa, 2003)



Downara, Mikulisa & Davisa believed that non-painful somatosensory stimuli usually require behavioral relevance or voluntary attention to maintain salience. In contrast, painful stimuli usually carry a sustained salience even without explicit behavioral relevance or voluntary attention. (Downara,Mikulisa & Davisa, 2003)



Downara, Mikulisa & Davisa believed that negative sustained responses, through physical discomfort, behavioral relevance or voluntary attention was required to maintain salience. This concept supports the third principle from the three principles of salience, as proposed by Beebe and Lachmann, namely the principle of ongoing regulation.
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Proposal The proposal for this dissertation was to develop an artificial neural network (ANN) that embodies the capacity to respond to overall salience signals, thus creating a SalienceAffected Neural Network (SANN). The salience signals would be sent to the neural network from external sources and would both influence the immediate activity of all nodes, and leave a trace that would influence future network response.
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Implications The research explored in this dissertation has many implications, especially at the computational, biological, psychological levels. Certain medical disorders and business strategies could also benefit from the research of salience.



Computational level At a computational level, a salience-affected model could be used to support the concept that one-trial learning is likely to take place when specific situations have a high salience level.



The development of an SANN is significant at a computation level, as it will allow further information, namely salience, to be embedded in an ANN without having to significantly change the structure or add features. Applications that currently use an ANN will now be able to add salience signals without altering their structure or size of the ANN, due to the research performed in this dissertation.



Biological level At the macro level, a SANN enables modeling of the effects of the Edelman’s ascending systems mentioned in the introduction.



At the micro level, a SANN enables modeling of the effects of the peculiar nature of synaptic connections as opposed to gap-junction connections. With synaptic connections the electric signal is converted to a chemical signal that crosses the synaptic gap and then gets converted back to an electrical signal. With the simplified model of gap-junction connections, the signal propagates as the direct transmission of an electric signal.
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The key point is that a synaptic connection allows non-local modulation of local synaptic processes via diffuse projection (Edelman, 2004) of neurotransmitters to the synapse region, while the simplified model of gap-junction connections does not allow such effects. It is this non-local modulation of local synaptic processes that can be modeled by a SANN.



Behavioural/Psychological level A SANN allows the modeling of the effect of affective states on brain activity and on memory (for example, adding an emotional tag to significant memories), because the ascending systems originate in the limbic system which is the seat of affective states. Thus a SANN potentially represents the effects of emotions on cortical activity, which are known to be significant (Damásio, 1995).



At the macro level the salience signals modeled are the feelings associated with affective systems.



Schizophrenia Patients with schizophrenia exhibit impaired neural responses to emotionally salient stimuli in the ventral striatum (VS). Reduced modulation of visual cortex by emotionally salient stimuli also suggests a failure to organize cerebral activity at a global level. (Taylor and others, 2005)



Understanding how emotionally salient stimuli are interpreted by the cortex, and how emotional salience memories are created and stored, will allow for further understanding of disorders, such as schizophrenia.



7



Advertising and Branding Although quite far removed from neuroscience, this research may contribute to the field of advertising and branding.



Alba & Chattopadhyay demonstrate that increasing the salience of a single brand can significantly impair unaided recall of competing brands (Alba& Chattopadhyay, 1986). Modeling the effect of salience in the cortex will support this concept, and possibly assist in shaping future advertising and marketing strategies.
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Aim The aim for this dissertation is to support the concepts of salience within interaction structures in infants as well as to support Edelman’s concept of a diffused projections and which allow for the value system.



This dissertation also aims to produce a neural network with the capacity to respond to overall salience signals, and investigate two distinct training methods discussed in the literature review, namely ongoing regulations (numerous-trial training) and heightened affective moments (one-trial training) methods.
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Hypothesis To support Edelman’s concept of a value system, an ANN would have to embody a capacity to respond to overall salience signals. It is critical that the introduction of salience signals does not significantly alter the output signal, unless slightly emphasizing the salience combinations. Furthermore, we expect the reverse activation signal to correspond to the originally attached salience value.



Further hypotheses are mentioned during this dissertation, where applicable before tests and experiments.
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Method Briefly, this dissertation will focus specifically on Edelman’s concept of a value system and it will investigate two distinct training methods, namely the one-trial and numeroustrial training methods. These training methods reflect two of the three principles of salience described by Beebe and Lachman, namely ongoing regulations and heightened affective moments.



To support Edelman’s concept of a value system, an ANN will be modified to embody a capacity to respond to overall salience signals. Both training methods investigated are expected to affect the reverse salience signal, but in different ways.
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Dissertation Overview This dissertation initially investigates the literature behind the role of salience in the cortex in both adults and infants.



After the literature review, this dissertation describes the architecture of standard. This dissertation then discusses the design of a salience-affected neural network, including the structure of the reverse salience signal.



This dissertation then designs an application of the SANN, namely face recognition, which requires a feature extraction technique, hence the literature behind different techniques are explored. Once the most appropriate feature extraction technique is chosen, this dissertation then designs a simple software implementation of the application. Thereafter, a general analysis is then performed on the SANN to optimize its performance.



This dissertation continues to compare the one-trial and numerous-trial learning techniques, which is the focus of this dissertation.



The feature extraction code is then developed to include a reconstruction algorithm, in order to create a stand-alone face recognition application, with the ability to include salience training.



Results obtained are discussed throughout the dissertation, where applicable. This dissertation then discusses the findings, and conclusions are then drawn from these results. Recommendations are then made based on the conclusions drawn, and finally scope for future work is discussed.
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Artificial neural network architecture



ANN layers To tackle the problem of modeling data with possible nonlinear characteristics, modeling with a multilayer perceptron (MLP) artificial neural network (ANN) is used to represent relationships directly from the data being modeled.



The MLP is a loop-free network which has its nodes (called units) arranged in layers, with a unit providing input only to units in the next layer of the sequence. As visualized in Figure 1, MLPs have the first layer comprised of fixed input units, then there may then be several layers of trainable ‘hidden units’ carrying an internal representation, and finally there is the layer of output units, also trainable (Aribib, 2003).



Figure 1: A visualization of an artificial neural network with a 3-node input layer, a 3-node hidden layer and a single-node output layer. Each node is responsible for summing the signals it receives, and each weighted connection between nodes can be changed during training.
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ANN dynamic links The brain’s data structure has the form of graphs composed of units connected by dynamic links, known as dynamic ling architecture (DLA). Both units and links bear activity variables changing on the rapid functional time scale of fractions of a second (von der Malsburg, 2003).



The neural network approximates this characteristic by assigning weights to each link (as visualized in Figure 1), which can be varied both in magnitude and sign.



ANN sigmoidal functions The response of each unit is a sigmoidal function of the weighted sum of the signals entering the unit. Each node can have a uniquely defined sigmoidal function. The MLP is defined such that each unit has inputs xk with corresponding weights wik, and the output xi is given by the Equation 1, with



i



being the unit’s threshold bias (Aribib, 2003).



Equation 1: MLP output xi (Aribib, 2003)



The function fi is a sigmoidal function, is commonly defined as Equation 2.



Equation 2: Commonly defined sigmoidal function (Aribib, 2003)



For mathematical simplicity, the sigmoidal approximation is used in this dissertation, defined as Equation 3.
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Equation 3: tanh-based sigmoidal function approximation (Aribib, 2003)



The difference between the tanh-based and exp-based sigmoidal function are highlighted in Figure 2.



Figure 2: tanh-based and exp-based sigmoidal functions implemented by units
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Salience signal



External salience source As discussed in the introduction, in an SANN there would need to be an external input line to the neural network that would accept a salience signal (S) from a salience source (SS). This signal could be positive or negative. All nodes inactive at the time of arrival of the signal S would be left unchanged.



As depicted by Figure 3, the salience source was added to the neural network program, such that it directly affected each individual unit.



Figure 3: External salience source system for a single hidden-layered ANN



The signal would be applied equally to all nodes Ni in the ANN, thus pushing some of them over/closer to their activation threshold Ti (for positive salience), or moving them below/further away from this threshold (for negative salience), as demonstrated in Figure 4.
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Figure 4: The influence of threshold variation on the sigmoidal function for a single unit shifts the sigmoidal function along the x-axis, reducing or increasing the threshold of the signal required to produce the original output signal



For the SANN, the direction of threshold adjustment was defined in terms of the salience signal S, and the current activation level Ai, as seen in Figure 5. For example, if the node had a positive activation level and a positive salience level was assigned to it, the threshold should be reduced, to allow the node to produce a higher activation level the next time around. Conversely, increasing the threshold level will reduce the output signal of a node given any input signal.
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Figure 5: Direction of threshold adjustment as a function of salience and activation



The adjustment factor (Dadj), in the range [-1, 0, 1], related to its current activation level Ai salience input signal S, is defined as Equation 4. The variable Uact represents the current node activation.



Equation 4: Adjustment direction for salience-affected units in a SANN



To avoid the threshold from varying indefinitely, threshold limits were defined. As illustrated in Figure 6, the salience-influence definition adjusts the threshold of the active nodes relative to the pre-defined threshold limits.
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Figure 6: Variance of threshold relative to threshold limits with limits. Adjusting thresholds based on the distance it is from the limit, prevents the thresholds from exceeding these limits.



The magnitude of the adjustment factor used in this dissertation was 20% of the distance between the threshold and the threshold limit, in the appropriate direction. This method ensured that the threshold never exceeded the threshold limits.



The final definition of when a node Ni was active, related to its current activation level Ai and the threshold limit Tlimit was defined as seen in Equation 5.



Equation 5: The adjustment definition for salience-affected units in a SANN



In Equation 5, the variables Tnew, Told and B represent the new threshold, old threshold and salience influence rate respectively. The salience influence rate is defined as the rate at which the thresholds were influenced by the salience signals.
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Reverse activation Enabling reverse activation of the signaling system is required so that a reverse salience signal (S’) could be sent back to the salience source (SS), for certain activation patterns, thus attaching a higher attention to the current ANN input combination.



In comparison with the external salience source system seen in Figure 3, the reverse activation of the salience system was designed to combine information from every individual unit, as shown in Figure 7.



Figure 7: Reverse activation of the salience system



For this dissertation, the reverse salience signal experienced by active units was defined as the relationship between its current activation level Ai, the threshold Ti and the sum of the weighted signals Vi received by the units, seen in Equation 6.



Equation 6: Reverse activation signal for an individual unit in the SANN
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A standard summing method was used to collect the reverse activation signals from all the units, for simplicity. In the summing method, the individual reverse activation signals are summed, and the results are an indication of the salience attached to the various inputsignal combinations.
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Face recognition application



Introduction For the testing of the SANN designed in this dissertation, an application of the SANN was developed, namely face recognition.



In order for the computer software program to associate saliencies to the faces, featurebased analysis is required. To perform feature-based analysis, a method to separate images into unique components, also known as an unsupervised learning algorithm, is necessary.



Unsupervised learning algorithms begin with a data set, and result in a final data set that is an approximation of the original data set, by factorization subject to different constraints (Lee, D. D. Seung, H. S., 2001). Common unsupervised learning algorithms include principal component analysis, vector quantization and non-negative matrix factorization.



Principal Components Principal component analysis (PCA) is a statistical technique that transforms an original set of variables into a substantially smaller set of uncorrelated variables that represents most of the information in the original set of variables (Dunteman, 1989).



This optimization is achieved by transforming to a new set of variables, the principal components (PCs), and which are ordered so that the first few retain most of the variation present in all of the original variables (Jolliffe, 2002).
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Vector Quantization Vector quantization (VQ) results in clustering the data into mutually exclusive prototypes (Lee, D. D. Seung, H. S., 2001). VQ has a unary constraint, permitting only a single basis images to represent a face (Lee, D. D. Seung, H. S., 1999).



Typically in a vector quantization application, vectors are sequentially extracted from the original data set, and are individually coded by a memoryless vector quantizer (Gersho& Gray, 1992).



Non-Negative Matrix Factorization Non-negative matrix factorization (NMF) is a process by which a matrix of features (W) is created, whereby each image in the data set is comprised of a combination of these features, as determined by the encoding matrix (H).



Unlike PCA and VQ algorithms, NMF does not allow negative entries in the matrix factors W and H. These non-negativity constraints permit the combination of multiple basis images to represent a face. (Lee, D. D. Seung, H. S., 1999)



NMF, along with certain other computational theories of object recognition, utilize partsbased representations (Lee, D. D. Seung, H. S., 1999). Both VQ and PCA are wholebased algorithms while non-negative matrix factorization is considered a parts-based.
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Algorithm Comparison Lee and Seung applied NMF, together with PCA and VQ, to a database of facial images. As illustrated in Figure 8, all three methods learn to represent a face as a linear combination of basis images, but with qualitatively different results (Lee, D. D. Seung, H. S., 1999).



Figure 8: NMF, PCA and VQ learn to represent a face as a linear combination of basis images, but with qualitatively different results (Lee, D. D. Seung, H. S., 1999)



Algorithm Selection There is psychological and physiological evidence for parts-based representations in the brain. Parts-based representations emerge by virtue of two properties namely, the firing rates of neurons are never negative, and the synaptic strengths do not change sign (Lee, D. D. Seung, H. S., 1999).



It is because NMF is thought to be the most accurate unsupervised learning algorithm to mirror neuron functions of the brain that NMF was chosen for use in this dissertation.
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Computing with NMF



Image representation The image database is regarded as an n x m matrix (V) of non-negative pixel values, each of the m images containing n pixels (Lee, D. D. Seung, H. S., 1999).



Mixing and encoding matrices



Hoyer (2004) decomposed the data matrix (V∈Rn×m) of an NMF with rank r, into two matrices, W∈Rn×r , also called the mixing matrix, and H∈Rr×m, named as the encoding matrix.



As it is formulated in Equation 7, NMF aims to find an approximate factorization of the data set (V) that minimizes the reconstruction error.



Equation 7: NMF reconstruction (Hoyer, 2004)



Cost functions Different cost functions based on the reconstruction error have been defined in the literature, but because of its simplicity and effectiveness, the squared error given in Equation 8, also used by Hoyer (2004), is used in this project:
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Equation 8: Cost function (Hoyer, 2004) where subscription ij stands for the ijth matrix entity



Aim of NMF Hoyer (2004) described the aim of the NMF to be to minimize the mean squared error F, which is a convex function of W and H, seen in Equation 8.



Reconstruction algorithm As used by Hoyer, the approximate reconstruction of the original data set can be attained by the Equation 9.



Equation 9: NMF reconstruction (Hoyer, 2004)



Hoyer warned that while updating H (assuming W is fixed), one must be careful not to do any vector normalization in the iteration. Normalization of the rows of H makes sense when there are many columns, but not when there is a single column (Hoyer& Remmelzwaal, 2009).



A NMF reconstruction algorithm was specifically designed for the purpose of this dissertation, based on the Equation 9 (shown above) and recommendations provided by Hoyer (Hoyer& Remmelzwaal, 2009).
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Software implementation In order to implement the SANN application in software, a collection of data and certain source code was required.



Data collection Although the Matlab software application was designed to use real-time image capturing via the means of a webcam, additional tests were conducted using face images provided by the CBCL face image database.



The face image database (CBCL data) can be found at: http://cbcl.mit.edu/cbcl/softwaredatasets/FaceData2.html



NMF Source code The NMF section of the source code designed in this dissertation was adapted from an existing NMF algorithm implementation (Hoyer, August 2006). As mentioned above, a NMF reconstruction algorithm was specifically designed for the purpose of this dissertation, based on the equations and recommendations provided by Hoyer. The code for the NMF reconstruction algorithm was not provided in the original code written by Hoyer.



ANN Source code The ANN section of the source code designed in this dissertation was originally written in Python and placed in the public domain by Neil Schemenauer ([email protected]). For
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this dissertation the source code was adapted and translated from Python into Matlab code.



The neural network is an artificial abstraction of the computational function of a biological neuron (Maass, 2003). The program uses backpropagation to train the MLP. The neural network used in this project has a single hidden layer of units.



ANN input, hidden and output layers For this dissertation, the neural network was designed with 49 inputs, a single hidden layer of 10 units and a single output layer.



The inputs used for the neural network were the 49 weights assigned to a different element in the mixing matrix (W).



For a neural network to operate and be trained an output value must be chosen. For this dissertation, an arbitrary, easy-to-calculate output variable was created from the images in the dataset, namely the average pixel grayscale value for each image.



ANN training and testing For this dissertation, the neural network was trained with 200 iterations for all tests performed.
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General Analysis and Optimization



Introduction Having designed the SANN and implemented the SANN in software, a general analysis and thereafter variable optimization was required. Certain factors were observed and optimized, namely the residual reverse salience signal, the number of units in the single hidden layer of the SANN, and the effects of the magnitude of the salience signal used to train the SANN.



For the duration of the SANN analysis and optimization, the SANN was trained using the numerous-trial training technique.
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Residual reverse salience value It was observed, due to the nature of the definition of reverse salience, that a neural network not trained with salience produced a residual reverse salience value. This residual reverse salience value closely followed NN output values, as seen in Figure 9.



Correlation between Output and Salience Ouput vs. Salience 1.6 1.4 y = 3.9635x + 0.2079 1.2



Output
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Figure 9: Correlation between outputs and salience after being trained and tested with images from the CBCL database



From the experiments performed in this dissertation, it was clear that if salience is treated as a relative value (the current face relative to a previous value) rather than as an absolute value, then the reverse salience signal produced is useful.
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Hidden layer units The number of units in the single hidden layer of the SANN was varied to observe the effect on the learning curve, using a salience amplification of 2.



The test was performed on a range of hidden layer sizes [2:25], with 100 iterations, and the number of iterations for the NN to show a 97% improvement in the error was recorded.



It was expected that the test performed would show that few hidden layer nodes will not allow for efficient training of the NN, and increasing the hidden layer number will allow for the network to be trained with less error. Further increasing the size of the hidden layer should result in the over training of the NN, at which point the NN will no longer be able to generalize, which will increase the time required to train the NN.
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Figure 10: Iterations required to reduce the NN error to 


As expected, as the size of the hidden layer increased, the time required to train the NN to within 3% error decreased. A hidden layer size of 13 was found to show the fastest learning rate. As the hidden layer increased to over 16 hidden layer nodes, the number of iterations required to train the NN to within 3% error significantly increased.



Salience signal magnitude Salience magnitude affects the speed and shape of response in the adjustment equation, as seen in Figure 11.



32



Figure 11: NN Error as a function of training iterations for various salience magnitudes



It was observed that that the presence of salience retards the speed of response, deforming the shape of the learning curve. The fastest learning response of the NN occurs when the salience is set to 0. This was expected as the additional training of the salience value for each node affects the training of the standard neural network.
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Technique Comparison



Introduction This chapter compares ongoing regulations (numerous-trial training) and heightened affective moments (one-trial training) techniques. To recall, it is critical that the introduction of salience signals does not significantly alter the output signal, unless slightly emphasizing the salience combinations.



Due to the design of the SANN, we expect the salience signal to be significantly independent of the output signal. In the following tests, we observe both the feature dominance (related to NN output), and the salience of each face. We therefore expect the salience value of a face to change, but the feature dominance value of that face to remain significantly unchanged.



Both ongoing regulations (numerous-trial training) and heightened affective moments (one-trial training) were tested, as different results were expected. Although the salience would affect the salience of a face in the same direction, the profile was expected to change. The main reason for the difference in profile is due to the fact that during numerous-trial training, the SANN is trained with salience during the training of the NN, while during one-trial training, a single training iteration with salience is only applied after the NN has been trained.



To conduct the test, the CBCL database was used as a data set, and of the 49 features available, features 3 and 15 were selected for observation.
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Numerous-Trial Learning Technique The following results were obtained after simultaneously training a standard ANN and a SANN. From the features observed, only a few data points (faces) were observed.



For this learning technique to support Edelman value system and Beebe and Lachmann’s theory of the three principles of salience, it was expected that the salience attached to features after training differs from standard training salience value. The salience for a face could either increase or decrease.



Results are shown in as seen in Figure 12. The change in salience is highlighted by the dotted arrows in Figure 12.



Figure 12: Feature dominance as a function of salience, for selected features, for numerous-trial learning process for both standard training and salience affected training



Results indicate that training the NN with salience will result in features developing a strong salience association, in comparison to standard NN training. As desired, there is no noticeable change in feature dominance.
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One-Trial Learning Technique First a NN was trained without the influence of a salience signal S. Thereafter, a single iteration was executed wherein only the thresholds are adjusted due to the influence of salience. To observe the affects of magnitude of the salience (intensity of the heightened affective moments) on the one-trial learning process, the salience magnitude was varied. From the features observed, only a few data points (faces) were observed.



For this learning technique to support Edelman value system and Beebe and Lachmann’s theory of the three principles of salience, it was expected that the magnitude of the reverse salience signal increase with the magnitude of the training salience (intensity of the heightened affective moments). The salience for a face could either increase or decrease.



Results are shown in as seen in Figure 13. The change in salience is highlighted by the dotted arrows in Figure 13.



Figure 13: Feature dominance as a function of salience, for selected features, for one-trial learning process under a variety of trauma magnitudes [0, 1, 2, 3, 4]
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Results indicate that magnitude of the salience (intensity of the heightened affective moments) positively affects the salience value attached to features. As desired, there is no noticeable change in feature dominance.



Comparison As expected, we observe that although the salience profiles of one-trial learning and numerous-trial learning techniques are similar, there is a noticeable difference. This was expected as in one-trial learning the NN is trained with salience after the standard NN is trained, while in numerous-trial learning the NN is trained with salience from the start.
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SANN Application To demonstrate the functionality of an SANN designed in previous chapters, the following application was created.



Introduction As mentioned before, the Matlab software application was additionally designed to use real-time image capturing via the means of a webcam. This chapter describes the standalone application developed to captures data from a webcam.



It is important to realize that the contents of the data set used to train a SANN are not important. The data set can be a series of similar images, such as the face image database used in the technique comparison tests in pervious chapters, but can also be a random set of images. If the images are similar, then the NMF algorithm will be able to extract more locally defined features, but if images are extremely dissimilar (like seen captured from a webcam), the NMF features will be less locally defined. The SANN can therefore be trained with all possible data sets, and although this application is referred to as a face recognition application, it can in fact be seen as a generic SANN application.



For this application the SANN application uses the technique of numerous-trial learning. The application has a graphical user interface (GUI) which allows the user to control the training and testing of the SANN. An application manual for the SANN application developed can be found in Appendix A.



The application was divided into two logical phases, namely the training stage (where the SANN was trained as desired by the user), and the testing stage (where the SANN would be tested and a reverse salience signal would be produced dependant on the real-time captured images).
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Training Stage Starting the training process will capture 100 real-time images over a period of 10 seconds, and assign both an output and salience to each image. As decided earlier in this dissertation, the output variable simply consists of the average pixel value of an image, for simplicity. The salience value can be varied by the user in the range [-1:1:1].



The training process includes three main components, namely the image capturing, the NMF of the images to create mixing and encoding matrices, and the training of the SANN. The program (by default) creates a mixing matrix of 100 basis images, and the encoding matrix will illustrate how each of the 100 sample images taken by the webcam can be mapped from the basis images in the mixing matrix.



On completion of the NMF process, the mixing (W) and encoding (H) matrices, calculated by the NMF algorithm, were stored by the program to be used during the testing stage.



Testing Stage The testing stage firstly captures real-time images from the webcam and performs a NMF reconstruction algorithm to determine the best fitting encoding matrix, based on a previously created mixing matrix. Thereafter the encoding matrix is sent into the previously trained SANN, and the reverse activation signal is calculated to retrieve the projected salience for that specific image. The process is repeated for every captured frame.



Reverse Activation Test



To observe the functionality of the SANN application, a simple test was designed and conducted. During the training stage, faces on the left-hand-side and right-hand-side of



39



the images were assigned a base salience value of 0, while those with a face in the center of the image were assigned a positive salience value of 1. The results were recorded for three different positions of the face in the image, and can be seen in Figure 14.



Figure 14: Reverse activation values from the SANN application for when a face was on the LHS, center and RHS of the frame. Only images with a face in the center were trained with a positive salience, and as a result the reverse salience signal received during testing corresponded to the training.



As expected, the reverse activation values corresponded with close correlation to salience values assigned during the training stage of the SANN application. As seen in Figure 14, faces on the left-hand-side and right-hand-side of the images responded with a lower return activation values, while those with a face in the center of the image responded with a higher return activation values, during the testing stage.
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Discussion of Results Various results were obtained from the experiments designed. Significant results have been divided into numerous categories, as follows.



Numerous-Trial Learning Technique Results indicate that attaching salience during the training of the NN will result in features developing a strong salience association after completion of the training. As desired, there was no noticeable change in feature dominance. The salience profile for numeroustrail learning differed from the one-trial learning techniques.



One-trial Learning Technique Results indicate that magnitude of the salience (trauma intensity) positively affects the salience value attached to features. As desired, there was no noticeable change in feature dominance. The salience profile for one-trial learning differed from the numerous-trail learning techniques.



NMF Based on the literature, it can be concluded that non-negative matrix factorization is thought to be the most accurate unsupervised learning algorithm to mirror neuron functions of the brain.
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NMF Reconstruction Algorithm As mentioned in a previous chapter, a NMF reconstruction algorithm was specifically designed for this dissertation (more specifically for the face recognition application), based on the equations and recommendations provided by Hoyer. The NMF reconstruction algorithm code proved to successfully reconstruct images, in accordance to Equation 9 provided by Hoyer.



Face Recognition Application Results indicate that the reverse activation values corresponded with close correlation to salience values assigned during the training stage of the SANN application, hence the face recognition application proved successful.
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Conclusions Conclusions were drawn from the results obtained. Significant conclusions have been divided into numerous categories, as follows.



SANN Artificial neural networks can be developed to allow salience-affected combinations of inputs to adjust the thresholds of individual units. Furthermore, SANNs will produce a positive reverse activation signal to faces structurally similar to any previous face trained to be associated with high salience, as the overall reverse salience signal is a combination of the reverse salience signal provided by each unit (facial feature).



We can also conclude that training a few faces with salience during the training stage will result in a “cloud of faces” (each with structural similarities to the faces trained with positive salience) receiving a similar salience during the testing stage.



Furthermore, the development of an SANN will now allow further information, namely salience, to be embedded in an ANN without having to significantly change the structure or add features. Applications that currently use an ANN will now be able to add salience signals without altering their structure or size of the ANN, due to the research performed in this dissertation.



Numerous-Trial vs. One-trial Learning Techniques We can conclude that both one-trial learning and numerous-trial learning techniques render different salience profiles. Despite the differences, both salience profiles are informative and provide a useful reverse salience signal.
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Edelman’s theory The results obtained in this dissertation support the claims made by Edelman. From observing the results, we can extend Edelman’s theory to include the probability that a salience-affected neural network allows the brain to direct attention to a certain combinations of stimuli, assuming they have been previously associated with a positive salience.



Subplate The results obtained do not contradict the concept of the presence of temporary programmable subplate neurons in infants. Although the results do not directly support the concept, salience would most likely affect the maturation of the subplate neurons during infancy.



Three Principles of Salience The results obtained support two of the three principles of salience described by Beebe and Lachmann, namely ongoing regulations, and heightened affective moments, as mentioned in previous chapters.



Face Recognition Application A face recognition application, as designed in this dissertation, can be adapted to provide a reverse activation value which will correspond (with close correlation) to salience values assigned during the training stage.
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As mentioned, the application is not restricted to a data set of faces, but rather any data set consisting of a series of images. This adaptation could therefore have significant application in video-analysis software, such as in surveillance software, as it allows for a reverse salience signal to be embedded in an artificial neural network.
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Recommendations and Future work This dissertation provides evidence that an SANN can be successfully developed to produce desired results. Based on the conclusions drawn, we can recommend that SANN be applied to applications attempting to simulate cognitive processes that otherwise would use a standard artificial NN.



This dissertation is only a foundation for future work in this field. Future work on the SANN should begin with the following aspects being investigated in depth: •



For this dissertation, the magnitude of the adjustment factor used for each node of the SANN was 20% of the distance between the threshold and the threshold limit. This factor still requires optimization, (although it is probably be applicationspecific), in order to achieve optimal performance from the SANN.



•



A standard summing method was used to collect the reverse activation signals from all the units, for simplicity. For optimal performance of an SANN for specific applications, this method would require optimization.



•



The neural network used in this project has a single hidden layer of units. The variation of the number of hidden layers was not observed in this dissertation, and an experiment should be conducted to test for changes in performance of the SANN.



•



It is recommended that future work includes the conversion of the ANN to a more biologically accurate NN which uses spiking-neurons. This would be in the interest of more accurately simulating the ability of the brain to direct attention to a certain combinations of stimuli.
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•



The SANN can be designed so that salience has further affects on the sigmoidal functions of each node. For this dissertation, the threshold value was changed, but future work should investigate changing other characteristic features of the sigmoidal function, such are the shape, or the gradient.



47



References Alba, J.W. & Chattopadhyay, A. 1986. Salience Effects in Brand Recall. Journal of Marketing Research. 23(4):363-369. Aribib, M.A. 2003.The Elements of Brain Theory and Neural Networks. In The Handbook of Brain Theory and Neural Networks. Ed. M.A. Aribib.Second ed.Massachusatts: MIT Press. 1-24. Beebe, B. & Lachmann, F.M. 1994. Representation and Internalization in Infancy: Three Principles of Salience. Psychoanalytic Psychology. 11:127-165. Berridge, K.C. & Robinson, T.E. 1998. What is the role of dopamine in reward: hedonic impact, reward learning, or incentive salience? Brain Research Reviews. 28(3):309369. Damásio, A. 1995. Descartes' error: Emotion, reason, and the human brain. New York: Avon Books. Downara, J., Mikulisa, D.J. & Davisa, K.D. 2003. Neural correlates of the prolonged salience of painful stimulation. NeuroImage. 20(3):1540-1551. Dunteman, G.H. 1989. Principal Components Analysis. 2, illustrated ed.Newbury Park: SAGE. Edelman, G. 2004. Wider than the sky: A revolutionary view of consciousness. USA: Yale University Press. Gersho, A. & Gray, R.M. 1992. Vector quantization and signal compression. Boston: Kluwer Academic Publishers. Ghosh, A. & Shatz, C.J. 1992. Involvement of subplate neurons in the formation of ocular dominance columns. Science. 255:1441-1443.



48



Hoyer, P.O. 2004. Non-negative Matrix Factorization with Sparseness Constraints. J. Mach. Learn. Res. 5:1457-1469. Hoyer, P.O. August 2006. NMF Pack. Helsinki, Finland: http://www.cs.helsinki.fi/. Hoyer, P.O. & Remmelzwaal, L.A. 2009. nmfpack Question. RSA: Email. Jolliffe, I.T. 2002. Principal component analysis. 2, illustrated ed.New York: Springer. Kanold, P.O., Kara, P., Reid, R.C. and others. 2003. Role of subplate neurons in functional maturation of visual cortical columns. Science. 301:521-525. Kanold, P.O. 2004. Transient microcircuits formed by subplate neurons and their role in functional development of thalamocortical connections. NeuroReport. 15(14):21492153. Lee, D. D. Seung, H. S. 1999. Learning the parts of objects by non-negative factorization. Nature (London). (6755):788-791. Lee, D. D. Seung, H. S. 2001. Algorithms for Non-negative Matrix Factorization. Advances In Neural Information Processing Systems. (13):556-562. Maass, W. 2003. Spiking Neurons, Computation with. The Handbook of Brain Theory and Neural Networks. :1080-1083. Taylor, S.F., Phan, K.L., Britton, J.C. and others. 2005. Neural Response to Emotional Salience in Schizophrenia. Neuropsychopharmacology. 30:984-995. von der Malsburg, C. 2003. Dynamic Link Architecture. The Handbook of Brain Theory and Neural Networks. :365-368.



49



Appendixes



Appendix A: SANN application operation manual



Training Stage



After initializing the connection between the SANN application and the webcam device, the user reaches the training stage of the SANN application. The training stage presents the user with an interface shown in Figure 15. The training commands available to the user are highlighted in box A.



Figure 15: Pre-training stage of the SANN application



50



During the training period, the user will be presented with an interface layout similar to the one shown in Figure 16. The user will have the option to vary the salience range by using the features in Box B during the 10 second training window. The images captured will be shown in real-time in Box C.



Figure 16: Post-training stage of the SANN application



On completion of the NMF process, the mixing and encoding matrices, calculated by the NMF algorithm, will be shown in box D and box E respectively. Box F presents the user with the applications status, updated in real-time.



On completion of training the SANN, the overall error will be stated in box F. The SANN error is a percentage and reflects the final error after training as a proportion of the initial
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error before training. The smaller the error percentage, the more accurately the SANN reflects the desired outputs.



Testing Stage



The testing stage is initialized (as shown in Figure 17) by using controls found highlighted in Box G. The real-time images captured by the webcam are shown in box L. The testing stage of the SANN application utilizes the trained SANN created in the training stage.



Figure 17: Testing stage of the SANN application
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In real-time, the best-fitting encoding matrix calculated by the reverse NMF algorithm is shown in box J, while the recreated face (based on the new encoding matrix) is shown in box K.



Although the reconstructed image in box K may differ from the real-time image in box L, it is the best reconstruction the NMF algorithm achieved using the previously created basis images stored in the mixing matrix.



53



























[image: Neural Mechanisms of Incentive Salience in Naturalistic ...]
Neural Mechanisms of Incentive Salience in Naturalistic ...












[image: Neural Networks - GitHub]
Neural Networks - GitHub












[image: Recurrent Neural Networks]
Recurrent Neural Networks












[image: Intriguing properties of neural networks]
Intriguing properties of neural networks












[image: An Investigation into the Get into Reading Project]
An Investigation into the Get into Reading Project












[image: KNUTSFORD TOWN PLAN INVESTIGATION INTO ...]
KNUTSFORD TOWN PLAN INVESTIGATION INTO ...












[image: Investigation into the Geometric Mean.pdf]
Investigation into the Geometric Mean.pdf












[image: Neural Graph Learning: Training Neural Networks Using Graphs]
Neural Graph Learning: Training Neural Networks Using Graphs












[image: lecture 17: neural networks, deep networks, convolutional ... - GitHub]
lecture 17: neural networks, deep networks, convolutional ... - GitHub












[image: Learning Methods for Dynamic Neural Networks - IEICE]
Learning Methods for Dynamic Neural Networks - IEICE












[image: Adaptive Incremental Learning in Neural Networks]
Adaptive Incremental Learning in Neural Networks












[image: Genetically Evolving Optimal Neural Networks - Semantic Scholar]
Genetically Evolving Optimal Neural Networks - Semantic Scholar












[image: Simon Haykin-Neural Networks-A Comprehensive Foundation.pdf ...]
Simon Haykin-Neural Networks-A Comprehensive Foundation.pdf ...












[image: Scalable Object Detection using Deep Neural Networks]
Scalable Object Detection using Deep Neural Networks












[image: Genetically Evolving Optimal Neural Networks - Semantic Scholar]
Genetically Evolving Optimal Neural Networks - Semantic Scholar












[image: Programming Exercise 4: Neural Networks Learning - csns]
Programming Exercise 4: Neural Networks Learning - csns












[image: neural networks and the bias variance dilemma.pdf]
neural networks and the bias variance dilemma.pdf












[image: Deep Learning and Neural Networks]
Deep Learning and Neural Networks












[image: Volterra series and neural networks]
Volterra series and neural networks












[image: DEEP NEURAL NETWORKS BASED SPEAKER ...]
DEEP NEURAL NETWORKS BASED SPEAKER ...












[image: Explain Images with Multimodal Recurrent Neural Networks]
Explain Images with Multimodal Recurrent Neural Networks















Investigation Into Salience Affected Neural Networks ...






Sep 13, 2009 - Computing with NMF. ..... Figure 17: Testing stage of the SANN application. ... The salience influence rate is defined as the rate at which the thresholds ...... result in a â€œcloud of facesâ€� (each with structural similarities to the faces ... 






 Download PDF 



















 574KB Sizes
 0 Downloads
 206 Views








 Report























Recommend Documents







[image: alt]





Neural Mechanisms of Incentive Salience in Naturalistic ... 

Feb 4, 2015 - SNc cluster reliably predicted the suppression of information about this object in OSC (r = Ð�0.658, 95% CI: Ð�0.345 to. Ð�0.849; Figure S2). Whole-brain analyses revealed a number of additional clusters outside the midbrain .... explor














[image: alt]





Neural Networks - GitHub 

Oct 14, 2015 - computing power is limited, our models are necessarily gross idealisations of real networks of neurones. The neuron model. Back to Contents. 3. ..... risk management target marketing. But to give you some more specific examples; ANN ar














[image: alt]





Recurrent Neural Networks 

Sep 18, 2014 - Memory Cell and Gates. â€¢ Input Gate: ... How LSTM deals with V/E Gradients? â€¢ RNN hidden ... Memory cell (Linear Unit). . =  ...














[image: alt]





Intriguing properties of neural networks 

Feb 19, 2014 - we use one neural net to generate a set of adversarial examples, we ... For the MNIST dataset, we used the following architectures [11] ..... Still, this experiment leaves open the question of dependence over the training set.














[image: alt]





An Investigation into the Get into Reading Project 

his dissertation seeks to examine the benefits of reading. I have always been interested in why people read litera- ture. Half of my degree has involved reading poetry and prose and exploring authors' ideas. I have greatly enjoyed studying literature














[image: alt]





KNUTSFORD TOWN PLAN INVESTIGATION INTO ... 

landing. Crews may not have the ground in sight because of darkness or reduced visibility by day or at night when there is low cloud, mist or fog. They may have misinterpreted their cockpit instruments or their navigation, approach and/or landing aid














[image: alt]





Investigation into the Geometric Mean.pdf 

Investigation into the Geometric Mean.pdf. Investigation into the Geometric Mean.pdf. Open. Extract. Open with. Sign In. Main menu. Displaying Investigation into ...














[image: alt]





Neural Graph Learning: Training Neural Networks Using Graphs 

many problems in computer vision, natural language processing or social networks, in which getting labeled ... inputs and on many different neural network architectures (see section 4). The paper is organized as .... Depending on the type of the grap














[image: alt]





lecture 17: neural networks, deep networks, convolutional ... - GitHub 

As we increase number of layers and their size the capacity increases: larger networks can represent more complex functions. â€¢ We encountered this before: as we increase the dimension of the ... Lesson: use high number of neurons/layers and regular














[image: alt]





Learning Methods for Dynamic Neural Networks - IEICE 

Email: [email protected], [email protected], [email protected]. Abstract In .... A good learning rule must rely on signals that are available ...














[image: alt]





Adaptive Incremental Learning in Neural Networks 

structure of the system (the building blocks: hardware and/or software components). ... working and maintenance cycle starting from online self-monitoring to ... neural network scientists as well as mathematicians, physicists, engineers, ...














[image: alt]





Genetically Evolving Optimal Neural Networks - Semantic Scholar 

Nov 20, 2005 - URL citeseer.ist.psu.edu/curran02applying.html. [4] B.-T. Zhang, H. MÃ¼hlenbein, Evolving optimal neural networks using genetic algorithms.














[image: alt]





Simon Haykin-Neural Networks-A Comprehensive Foundation.pdf ... 

Simon Haykin-Neural Networks-A Comprehensive Foundation.pdf. Simon Haykin-Neural Networks-A Comprehensive Foundation.pdf. Open. Extract. Open with.














[image: alt]





Scalable Object Detection using Deep Neural Networks 

neural network model for detection, which predicts a set of class-agnostic ... way, can be scored using top-down feedback [17, 2, 4]. Us- ing the same .... We call the usage of priors for matching ..... In Proceedings of the IEEE Conference on.














[image: alt]





Genetically Evolving Optimal Neural Networks - Semantic Scholar 

Nov 20, 2005 - Genetic algorithms seem a natural fit for this type .... For approaches that address network architecture, one termination criteria that has been.














[image: alt]





Programming Exercise 4: Neural Networks Learning - csns 

set up the dataset for the problems and make calls to functions that you will write. ... The training data will be loaded into the variables X and y by the ex4.m script. 3 ..... One way to understand what your neural network is learning is to visuali














[image: alt]





neural networks and the bias variance dilemma.pdf 

can be learned? ' Nonparametric inference has matured in the past 10 years. There ... Also in Section 4, we will brieï¬‚y discuss the technical issue of consistency, which .... m classes, 3 e {1,2.....rr1}, and an input, or feature, vector x. Based o














[image: alt]





Deep Learning and Neural Networks 

Online|ebook pdf|AUDIO. Book details ... Learning and Neural Networks {Free Online|ebook ... descent, cross-entropy, regularization, dropout, and visualization.














[image: alt]





Volterra series and neural networks 

Towards a Volterra series representation from a Neural Network model. GEORGINA ... 1), for different voltages combinations, ..... topology of the network on Fig.














[image: alt]





DEEP NEURAL NETWORKS BASED SPEAKER ... 

1National Laboratory for Information Science and Technology, Department of Electronic Engineering,. Tsinghua .... as WHÃ—S and bS , where H denotes the number of hidden units in ..... tional Conference on Computer Vision, 2007. IEEE, 2007 ...














[image: alt]





Explain Images with Multimodal Recurrent Neural Networks 

Oct 4, 2014 - In this paper, we present a multimodal Recurrent Neural Network (m-RNN) model for generating .... It needs a fixed length of context (i.e. five words), whereas in our model, ..... The perplexity of MLBL-F and LBL now are 9.90.


























×
Report Investigation Into Salience Affected Neural Networks ...





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















