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[bookmark: _Toc286757153][bookmark: _Toc286925727]ABSTRACT
Crimes are a major public concern in cities. Every day, a tremendous amount of law enforcement and policemen have been assigned to patrol and protect society from crimes of violence. With limited law enforcement resources in big city like Chicago, if crimes can be predicted rather than just investigated after they happen, then police officers can potentially be placed at the right time and location efficiently and achieve better crime prevention. 
This thesis discuss the use of deep learning networks, an advanced machine learning technique, as applied to the task of predicting future crimes. First, an extensive set of experiments of various types of network structures, together with various pre-processing dimension-reduction techniques, are conducted on the MNIST handwritten digits image recognition dataset [1] to understand their performances and quality-cost trade-offs. Then, various deep learning networks are applied to future crime prediction based on historical crime records. Based on 13 years of crime data from the City of Chicago Crime Data Portal [2] , a region containing diverse crime activities is identified and used in the learning experiments.  The region is divided into 11 × 11 grids. The learning problem formulation predicts whether a crime will occur on a particular day, based on the crime activities in the previous day in all grids. The entire data set contains 4667 examples, derived from crime data of 4668 days. Extensive experimental results show that deep networks achieve better results than a basic prediction algorithm.

[bookmark: _Toc372621079]. Introduction
[bookmark: _Toc372621080] Crime prediction
We cannot predict where and when crimes will happen in the future with 100% certainty, but with the rapid development of advanced machine learning and statistical inference technologies, we can use patterns from historical crime data to predict future crimes with improved accuracy, just like in a weather forecast or earthquake prediction.
Predicting crimes before they happen is financially beneficial. If a crime can be predicted before it happens, it can save the city government from a tremendous cost in investigation, prosecution, and incarceration. 
Crime prevention [3] is the attempt to reduce crime and criminals. It is applied specifically to efforts made by governments to reduce crime, enforce the law, and maintain criminal justice. Crime prevention is an important research area and most crime prediction techniques are developed from sociological studies and field experts. Machine learning technology has made significant progress in the past few decades and has been applied to many fields, involving finance, military, agriculture, education, etc. In recent years, police forces have been enhancing their traditional method of crime reporting with new technological advancements to increase their output by efficiently recording crimes to aid their investigation [4]. In today’s world, computers are playing a major role in the investigation of all types of crime from those that are considered as volume crime (burglary, vehicle crime etc.) to major crime such as fraud, drug trafficking, or murder etc.[5]. Recently, several commercial products have been developed based on large data sets and machine learning techniques, such as PredPol [6] and CommandCentral [7], which can predict where and when the future crimes are likely to happen. 
[bookmark: _Toc372621081] Related Work
[bookmark: _Toc372621082]Crime Prediction
Crime prediction has become an active research topic over the last decade and increasingly crime prediction software has been used by law enforcement and police officers to predict and stop crimes. This is due to two reasons according to Gorr and Harries [8]: a) criminality of places can be established based on theories like routine activities [9][10][11], the ecology of crime, and hot spots [12], and b) Geographical Information Systems (GIS) had become an important tool for police agencies. As a result, mapping of crimes and identification of hotspots have become a regular practice. Liu and Brown [13] suggest that the probability of a new criminal incident at some location is depended on incidents in the near past of the same type, some demographic, and proximity features such as distance to the nearest highway. They compare two density models, with and without the extra features and conclude that the model performs significantly better with the extra features. Brown [14] proposed k-means and the nearest neighbor approach to clustering spatial data of crimes to find "hotspot" areas in a city. The spatial clustering methods are often used in "hotspot analysis" [15]. Artificial intelligence techniques also have been successfully used in predicting future crimes and the unsolved past crimes. Oatley et. al [16] used Bayesian networks to predict if a site will be revictimised in the coming period. In the same application they used a Kohonen network to match crimes to a known offender. Sentient software [17] developed in collaboration with Dutch Police has a forecasting technique based on fuzzy matching. Generally speaking, there has been some remarkable research on predicting unsolved crimes using crime classification, clustering, and artificial intelligence.
[bookmark: _Toc372621083]Deep Belief Networks
The concept of Deep Belief Networks was first introduced by Hinton et al [18]. The basic idea is to stack layers of Restricted Boltzmann Machines (RBM). RBM is a type of stochastic neural works capable of representing a joint probability distribution of training examples. It trains each layer independently, which is much more efficient and achieves better results than training all layers of a deep multi-layer neural network at once. DBNs have been applied to many problems including acoustic modeling, image classification, object recognition, face recognition, motion detection and dimensionality reduction, and obtained outstanding results [19].
Specifically, Zhou et al. [20] introduce a method of using labeled and unlabeled data to perform greedy layer-wise unsupervised learning followed by fine-tuning the whole deep architecture by gradient-descent based supervised learning. Their experimental results show that DBNs perform excellently on image classification tasks, especially for the harder ones.
Lin et al. [21] address the problem of face recognition when there is a non-linearity in the data due to pose variations. The paper discusses the use of the deep architecture to learn the relationship between low resolution and high resolution images to give highly accurate results.
Lee et al. [22] propose efficient Convolutional Deep Belief Networks on full-sized, high-dimensional images. Probabilistic max-pooling units are integrated into the generative, hierarchical models. Results show that the method is able to learn high-level visual features from unlabeled image data.


[bookmark: _Toc372621084]. Methods
[bookmark: _Toc372621085] Sparse Autoencoder
Although supervised learning has been widely used in artificial intelligence researches, one problem is that training features are usually manually specified, which is time-consuming, difficult, and may not be the best. The performance of a classifier is limited by the quality of extracted features as its input: a good feature set leads to high accuracy classification, whereas a bad feature set leads to bad results. Furthermore, real-world problems usually are large scale, rendering labor-intensive, hand-engineering approaches unsuitable and impractical. 
A sparse autoencoder [23] [24] [25] [26] is a special type of feed-forward neural network. It has three layers: an input layer, a hidden layer, and an output layer. The input layer has the same number of neurons as the output layer. The output neurons try to reconstruct the values of the input neurons. The activation of the hidden neurons is sparse, meaning only a small fraction of the neurons are activated for any given input. A sparse autoencoder can be trained using the classical backpropagation algorithm or other local optimization methods. 
This project focuses on stacked sparse autoencoders (SSAs) as a deep learning method. Several sparse autoencoders are trained separately and then stacked together. In an unsupervised learning setting, an SSA can learn features from unlabeled data automatically. SSAs have been used in many applications, including speech recognition, spam filtering system, pattern recognition, and self-driving cars, etc.   
[bookmark: _Toc371969085][bookmark: _Toc372621086]Backpropagation Algorithm
The backpropagation algorithm is an efficient implementation of gradient descent to optimize neural network weights based on a set of training examples. Given a training set of m training samples  for a single training sample, the error function is  . For m training samples, the total error or cost function with weight regularization is：
	
	
	(1) 


The first term is the average sum-square error and the second is weight regularization used to prevent overfitting. The weight regularization parameter is to balance the two terms. The cost formula can be used for both classification and regression problems. For classification,  to represent two classes. For regression, the output is within the range of .
The goal of supervised training is to minimize the non-convex error function . Traditional optimization algorithms such as gradient descent can be used to find local optima, . One step of the gradient descent that updates  is as follows:
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where  is the learning rate. The back-propagation algorithm computes the partial derivatives efficiently as follows. 
Given a training example of a pair of input and output, ,
Step 1. Perform a feed-forward pass to compute the activations of the units (neurons) at each layer, .
Step 2. For each unit  in layer , set:
	
	
	(4) 



Step 3. For  , set:
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Step 4. Compute the partial derivatives:
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So the overall cost function  will be:
	
	
	(8) 

	
	
	(9) 


[bookmark: _Toc371969086][bookmark: _Toc372621087] Autoencoders and Sparsity
Given a set of unlabeled training samples , an autoencoder neural network tries to match its output to its input. Here is an example of a one-hidden-layer autoencoder:
[image: ]
[bookmark: _Toc372632321]Figure 2.1. An example of the autoencoder
The autoencoder is trying to learn an identity function: , which means the output  is similar to input . When the number of hidden units is less than the number of input units, the hidden units represent a compressed version of the input. For example, when the input is a 28×28 image (784 pixels) and the number of hidden nodes is 200, this network is trained to learn a compressed representation in 200 dimensions of the 784-dimension input data. 
If the input data are independent and identical distributed (IID), then the compression task is difficult. However, if the input data are correlated, then the autoencoder can discover some of the correlations. Autoencoder is similar to PCA in terms of both trying to learn a low-dimensional representation (i.e., feature extraction) of a high-dimensional data. Autoencoder is much flexible than PCA because it is a non-linear mapping rather than linear mapping.
In sparse autoencoders, even if the number of nodes in the hidden layer is larger than that of the input layer, feature extraction can still be achieved by using sparsity constraint on the hidden units. If a neuron is active, then its output value is close to 1; if inactive, then close to 0. In sparse autoencoders, the hidden neurons are inactive most of the time. Let  represent the specific input x led to the activation of hidden unit , 
	
	
	(10) 


represents the average activation of hidden unit  over all training examples. The sparsity is controlled by a sparsity parameter, e.g., 0.1, so that   The following penalty term is added to the cost objective function to penalize  deviating from :
	
	
	(11) 


where  is the number of hidden nodes. This term is based on the concept of Kullback-Leibler (KL) divergence, a function to measure the difference between two distributions [5] [6] [7]. The penalty term can also be written as:
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where 
 	Now, the overall cost function is:
	
	
	(13) 


where  is defined previously and  controls the weight of the penalty term.
[bookmark: _Toc372621088]. Preprocessing: PCA and whitening
Principal Component Analysis (PCA) is an algorithm to reduce input data dimension. An image is highly redundant because adjacent pixels are highly correlated. For images in the MNIST handwritten digits image recognition data set [1] that have 784 dimensions, on average, using PCA to retain 95% information of the images can reduce the image to 121 dimensions. 
After using PCA, whitening can be used to normalize data variance across all dimensions. There are two commonly used techniques, PCA whitening and ZCA whitening.  
[bookmark: _Toc372621089]. Softmax Regression
Softmax model is similar to logistic regression, which is a supervised learning algorithm. Logistic regression can only classify two classes while Softmax can classify more than two classes. Softmax classifier can be used in conjunction with the previous discussed deep learning/unsupervised feature learning method.
The error function of a software classifier is as follows: 
	
	
	(14) 


A weight term is added to penalize large values of the parameters. The cost function  is strictly convex so there is a unique optimal solution . The derivative of the error function is:
	
	
	(15) 


[bookmark: _Toc372621090]. Self-Taught Learning 
Compare to semi-supervised learning, self-taught learning is more general because the unlabeled data  does not need to be drawn from the same distribution as labeled data . 
A common quote used in the machine learning industry, “sometimes it’s not who has the best algorithm that wins; it’s who has the most data.” Getting more labeled data for supervised learning can be expensive when labeling data samples involves hand-engineering. Self-taught learning and unsupervised feature learning is a way to learn features from massive amounts of unlabeled data. Even though a single unlabeled example is less informative than a single labeled example, a large amount of unlabeled data can help achieve better performance with only a limited amount of labeled training data. From unlabeled data, high-level features representing the data can be extracted. Later, for a classification task, the learned high-level features and a small amount of labeled data could be sufficient to train a good classifier quickly.  
Given an unlabeled training set  with  unlabeled examples,   a sparse autoencoder as in Figure 2.2 is first trained to get  of this model. Then for an input , the corresponding activations  at the hidden layer form the  features representing the original input, as shown in Figure 2.3.   

[image: ]
[bookmark: _Toc372632322]Figure 2.2. Autoencoder as feature extractor.
[image: ]
[bookmark: _Toc372632323]Figure 2.3. Features/activations of the first half of an autoencoder.

For a classification task with output labels  given  labeled training examples   , the activations at hidden layer can be used to represent original inputs. That means we can feed  into the autoencoder and get the activation and replace the original input with  Then, the training set becomes
Finally, we can train a classifier such as SVM, logistic regression, softmax, etc. using the new training set by mapping features  to labels  The final classifier is shown in Figure 2.4.
[image: ]
[bookmark: _Toc372632324]Figure 2.4. Self-taught learning model for supervised learning

[bookmark: _Toc372621091]. Deep learning: Stacked Autoencoder
In the self-taught learning model in Figure 2.4, the parameters are trained in two stages: 1) the weights of the first layer are the autoencoder weights between input  and hidden unit activation  and 2) the weights of the second layer weights are the logistic regression weights between hidden layer and the logistic classifier.
The overall classifier is a multi-layer neural network, which can be refined (or fine-tuned) by using labeled training data to further reduce the training error. Usually this step is referred to as the fine-tuning step and the previous steps are pre-training. 
A deep neural network contains multiple hidden layers, which can extract more complex or higher-level features because each hidden layer performs additional feature extraction based on the previous layer’s output. An efficient method for training a deep network is to train each layer separately. A stacked autoencoder consists of multiple layers of sparse autoencoders in which the outputs of each layer are connected to the inputs of the successive layer. Now assume a stacked autoencoder with  layers and   be the parameters of the kth autoencoder. The encoding step is running then encoding stack of each layer in forward order:
	
	
	(16) 
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The decoding step is running the decoding stack of each layer in reverse order:
	
	
	(18) 
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The activations of the hidden units  represent the input in terms of higher level features.
A stacked autoencoder is usually trained in a greedy layer-wise fashion. The first layer (input layer) is trained using raw input to get its parameters , as the sample shown in Figure 2.5. The first layer parameters transform raw input into the activations of the hidden units. Then, the second layer is trained to get its parameters  using the outputs of the first layer, as the example shown in Figure 2.6.  More hidden layers can be stacked in the same way. In the end, to use the stacked autoencoders to construct a classifier, the outputs of the last hidden layer units become the inputs of a softmax classifier, as the example shown in Figure 2.7. The softmax layer is trained on its own using the training examples. As the example shown in Figure 2.8, a deep network classifier consists of multiple autoencoder layers and one softmax layer.
[image: ]
[bookmark: _Toc372632325]Figure 2.5.  First layer of a stacked sparse autoencoder
[image: ]
[bookmark: _Toc372632326]Figure 2.6.  Second layer of a stacked sparse autoencoder
[image: ]
[bookmark: _Toc372632327]Figure 2.7. Softmax classifer layer of a stacked sparse autoencoder classifier

[image: ]
[bookmark: _Toc372632328]Figure 2.8. the final architecture of a stacked sparse autoencoder classifier.
[bookmark: _Toc372621092].  Performance study 
[bookmark: _Toc372621093] Comparison of Different Preprocessing Techniques 
PCA, PCA-whitening and ZCA-whitening are three different ways to pre-process raw data. This experiment compares their effects on softmax classifiers’ classification accuracy based on the MNIST dataset. 
There are 60,000 training samples and 10,000 test examples. Input size is 784, corresponding to the 28 × 28 pixel input image size. In PCA, variance retention rate of 90%, 95%, and 99% corresponds to reducing the input data to 65, 121, and 301 dimensions, respectively.  The result is shown in Figure 3.1. 

[bookmark: _Toc372632329]Figure 3.1. Preprocessing comparison
It uses input generated by PCA with different variance retention rates, PCA followed by whitening, and ZCA following by whitening based on the MNIST dataset.
The result shows that the accuracy increases slightly as the retention rate in PCA increases. The accuracy of PCA is nearly the same as that of PCA-whitening. ZCA-whitening is very poor for low retention rate and is about the same as the two other methods on raw data, i.e., when the retention rate is 1. Thus ZCA whitening does not work well on reduced dimensions and should be used with all dimensions of the data. Whitening has little effect on classification accuracy on this data set.
[bookmark: _Toc372621094] Computation Time of Different Preprocessing Techniques
In this experiment, the computation time and classification accuracy is tested with and without PCA pre-processing using stacked neural network. The raw dataset are of high dimensional, and each experiment requires nearly two hours for a two stacked autoencode plus softmax to run. PCA can improve the experiment time and has some small tolerate error on the classification accuracy.
First, one layer of autoencoder and softmax system is used to test PCA. The hidden layer has 200 nodes. Four sets of the experiment are performed. Retaining rate is set to 90%, 95%, 99%, and 100%, respectively. In each set, experiments are performed ten times. The training set has 60000 samples and the testing set has 10000 samples. Two layers of autoencoder and softmax are then tested using PCA. Both hidden layer are set to 200. Similar experiments are performed as one layer of autoencoder and softmax. The comparison classification accuracy result is shown in Figure 3.2. The average experiment time is shown in Figure 3.3. In the Figure 3.3 and the figures afterwards, “bft” refers to before-fine-tuning, and “aft” refers to after-fine-tuning.
 
[bookmark: _Toc372632330]Figure 3.2. Accuracy comparison 
Results from one and two autoencoder plus Softmax classifiers using input generated by PCA with different variance retention rates based on the MNIST dataset

 
[bookmark: _Toc372632331]Figure 3.3. Average time comparison 
Results from one and two autoencoder plus Softmax classifiers using input generated by PCA with different variance retention rates based on the MNIST dataset
The results show that the after-fine-tuning accuracy of retain 99% PCA is almost the same as that one without PCA. The average running time of the experiment with PCA is shorter than comparing to that of the experiment on raw data without PCA.
Using PCA with high retention rate (99%) can have nearly as good performance as the one without PCA, but the experiment time can be highly reduced as trade-off.
[bookmark: _Toc372621095] Shallow Autoencoder vs. Deep Stacked Autoencoder
In this experiment, the performance of different classification models is tested as follows: a supervised learning classifier (Softmax), one layer of neural network plus softmax, and two layers of neural network plus softmax. The performance comparison result is shown in Figure 3.6.

[bookmark: _Toc372632332]Figure 3.4. Shallow vs. Deep SAE comparison 
Results from different model: softmax, one-layer autoencoder and two-layer stacked autoencoder using input of MNIST dataset

The results show that deeper networks have higher classification accuracy. After fine-tuning, the accuracy is higher than before fine-tuning.
A deep neural network can compactly represent a significantly larger set of functions than shallow networks. By using a deep network, in the case of images, the first layer will learn to group pixels together to detect edges, as shown in Figure 3.7. The second layer will group edges together to detect contours, as shown in Figure 3.8. 
[image: C:\Users\Chao\Desktop\two layers autoencoder plus softmax classifier different size of labeled training set\W1.png]
[bookmark: _Toc372632333]Figure 3.5. Edge features
 Represented by the hidden units in the first layer of a deep learning network
[image: ]
[bookmark: _Toc372632334]Figure 3.6. Contours features 
Represented by the hidden units in the second layer of a deep learning network
[bookmark: _Toc372621096] Effects of Different Training Sizes
This experiment shows how the size of training set affect classification performance is tested on two-hidden-layer stacked deep learning networks.
MNIST digits 0~9 is the experiment data. 60000 samples are used as unlabeled data. The labeled training data size is 60, 600, 6000, and 60000 respectively. 10000 samples are used to be test dataset. Both hidden layers are set 200. The classification performance using different size of training set is shown in Figure 3.9.

[bookmark: _Toc372632335]Figure 3.7. Effects of Different Training Sizes 
Results from two stacked autoencoder plus Softmax classifiers using different training data size generated from the MNIST dataset
The results show that the before and after-fine-tuning accuracy is increasing as the training data size increases. In 60 training data case, the after-fine-tuning accuracy is lower than before-fine-tuning accuracy. The fine-tuning technique should be used when we have a large labeled training set; in this way, fine-tuning can significantly improve the performance of the classifier. However, if there is a large unlabeled dataset and only a relatively small labeled training set, then fine-tuning is significantly less likely to be helpful.
[bookmark: _Toc372621097] Self-taught Learning vs. Semi-supervised Learning
The first experiment is to recognize digit 0 to 4. Images of digit 5 to 9, about 30000 samples, are used as unlabeled data for feature learning. Then 14700 images of digit 0 to 4 are used as labeled training data to train the softmax classifier layer. Another 14700 images of digit 0 to 4 are used as labeled testing set. Both hidden layers have 200 nodes. Then, a similar experiment is performed for recognizing digit 5 to 9, while using images of digit 0 to 4 as unlabeled data. The recognition accuracy for digit 0 to 4, the first experiment, is shown in Figure 3.10. and the recognition accuracy for digit 5 to 9, the 2nd experiment, in Figure 3.11.


[bookmark: _Toc372632336]Figure 3.8. Prediction Accuracy of digit 0-4 
Results of predicting digit 0-4 using different deep learning model using input generated from the MNIST dataset

[bookmark: _Toc372632337]Figure 3.9. Prediction Accuracy of digit 5-9
Results of predicting digit 5-9 using different deep learning model using input generated from the MNIST dataset

	The results show that the accuracy of using two layer stacked autoencoder to predict digit 5-9 is lower than that of predicting 0-4. The same phenomenon appears in the one layer autoencoder. The accuracy of predicting digit 5-9 is lower than that of predicting digit 0-4. Self-taught learning is general and powerful. The unlabeled data set is drawn from a different distribution as labeled data. Digit 5-9 is more complex than digit 0-4, so the average accuracy is lower.
[bookmark: _Toc372621098] Stacked Autoencoders with Different Hidden Sizes
This experiment shows how a hidden layer size of an autoencoder affects the classification accuracy is tested. The hidden layer of the stacked autoencoder can extract high level features from the input layer. The sparsity term is also used to control the nodes in hidden layer being activated. 
In this experiment, two stacked autoencdoer plus Softmax classifier model is used. The number of neural nodes in input layer is the same as the dimension of the input data. The training data has 60000 samples and the testing data has 10000 samples. PCA with retaining rate of 99% is used to preprocess data. Both hidden layer nodes are set as: 100, 200, 300, 400, and 500 respectively. The sparsity term is 0.1. The accuracy result of different hidden layer size shown in Figure 3.12.

[bookmark: _Toc372632338]Figure 3.10. SAE Performance with Different Hidden Sizes
Prediction accuracy of two layer stacked autoencoder with different hidden size using input generated by PCA with retention rates 99% based on the MNIST dataset.

The results show that a hidden size of 200 has the highest accuracy. If the hidden size is too small, the accuracy is as low as random guessing. If hidden size is too high, the accuracy has not much improvement, but the experiment requires much longer running time.
[bookmark: _Toc372621099]. Application 
[bookmark: _Toc372621100] Problem formulation
In this chapter, deep learning network is applied into a real world problem: crime prediction. Chicago historical data is used to train a deep belief network and then use the model to predict future crimes.
In order to get an overview crime distribution of Chicago, the heatmap of crime frequency is plotted. The map is divided into 56×56 grids. The timeline is divided into 4668 days. The plot of Chicago heatmap baseline (frequency) is shown in Figure 4.1.
[image: ]
[bookmark: _Toc372632339]Figure 4.1. Chicago crime heatmap baseline
 the map is 56×56 pixels, timeline is divied into 4668 days
Instead of the whole crime map, a small heatmap is used in the prediction. This is because the darker regions of the map have no crime evidence over the thirteen years. There is no need to predict on those no-crime zones.
A small focused crime heatmap of 11×11 grids over 4668 days is picked. The regions on which there is 50% chance that crime may happen over 4668 days is used to do the first experiment. It is more reasonable to predict on those fair-game regions. The focused crime heatmap on region {20:30, 40:50} of the whole crime heatmap is shown in Figure 4.2.
[image: ]
[bookmark: _Toc372632340]Figure 4.2. Focused crime heatmap 
Pick region {20:30, 40:50} of the whole crime heatmap, map is 11×11 pixels and timeline is divied into 4668 days
[bookmark: _Toc372621101] Dataset
The input data features are 11×11 pixels. Crime data has distributed in 4668 days so 4667 samples with 4667 targets is created. On the focused crime heatmap, the regions on which there is 50% chance that crime may happen are picked. After filtering, there are nine such regions, so they are set to be target region respectively. That is to say, 11×11 crime regions are used in time t as input data. The picked nine crime regions in time t+1 become targets, respectively.  The train data has 3734 samples and the testing data has 934 samples. The input size is 11×11 pixels. If using autoencoder, the hidden layer size is 200. Sparsity term is set to 10%. 
[bookmark: _Toc371969104][bookmark: _Toc372621102] Experimental results regions (50% chance crimes occur)
The crime prediction average accuracy on nine picked region use three different deep belief network model is shown in Figure 4.3.

[bookmark: _Toc372632341]Figure 4.3. Prediction on picked regions
Prediction on picked regions of the focused cirme heatmap, where crimes have 50% chance to happen

Result shows that the accuracy of softmax, one stacked autoencoder plus softmax and two stacked autoencder plus softmax are nearly same as the statistic baseline.

[bookmark: _Toc371969105][bookmark: _Toc372621103]4.4 Experimental results of predicting all 121 regions 
Next, crime prediction experiments are performed on all 121 focused regions. Three different system models: Softmax, one layer stacked autoencoder plus softmax, and two-layer stacked autoencoder plus softmax.
In the first model, 80% labeled crime data to train the softmax and use rest 20% to test are used. The softmax prediction accuracy with simple single prediction is shown is Figure 4.4.
Then, one layer autoencoder and softmax system is trained. The prediction accuracy heatmap is shown in Figure 4-5. After that, two layer autoencoder and softmax system are trained. The prediction accuracy heatmap is shown in Figure 4.6.
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[bookmark: _Toc372632342]Figure 4.4. Prediction heatmap of softmax
Simple single prediction and softmax prediction accuracy of 121 regions picked from the heatmap
[image: ]
[bookmark: _Toc372632343]Figure 4.5. Prediction heatmap of 1SAE
Simple single prediction and 1SAE prediction accuracy of 121 regions picked from the heatmap.

[image: ]
[bookmark: _Toc372632344]Figure 4.6. Prediction heatmap of 2SAE
Simple single prediction and 2SAE prediction accuracy of 121 regions picked from the heatmap.
In order to visualize and compare the result in detail information, graph comparing the baseline with different prediction accuracies from different prediction system is plotted in Figure 4.7.

[bookmark: _Toc372632345]Figure 4.7. Accuracy Comparison with FP
Baseline, simple single location and frequency  prediction accuracy of 121 regions picked from the heatmap

Figure 4.7. shows that in low frequency region, frequency prediction accuracy is higher than simple single prediction accuracy. In higher dimension, the simple single location prediction accuracy is same as frequency prediction.
The single location and Softmax prediction accuracy is plotted in Figure 4.8.


[bookmark: _Toc372632346]Figure 4.8. Accuracy Comparison with Softmax
Baseline, simple single location and Softmax prediction accuracy of 121 regions picked from the heatmap

Figrue 4.8. shows that the training accuracy of softmax is lower than test accuracy in high frequency region. This contradicts to convention, because usually the training accuracy should be higher than the test accuracy. One possible reason is that in this case, the softmax is trained and suitable to classify high frequency region rather than low frequency region.
Simple single location and one layer autoencoder and two layer stacked autoencoder prediction accuracy is plotted in Figure 4.9 and Figure 4.10 respectively.

[bookmark: _Toc372632347]Figure 4.9. Accuracy Comparison with 1SAE  
Baseline, simple single location and 1SAE + Softmax prediction accuracy of 121 regions picked from the heatmap


[bookmark: _Toc372632348]Figure 4.10. Accuracy Comparison with 2SAE
Baseline, simple single location and 2SAE + Softmax prediction accuracy
As we can see from the above two plots, the stacked autoencoder has test accuracy lower than training accuracy in the high frequency region comparing to the low frequency region.
The summary of average accuracy of all 121 regions is plotted in Figure 4.11.

[bookmark: _Toc372632349]Figure 4.11. Summary of average accuracy 
Results from  all regions using different prediction methods of 121 regions picked from the heatmap

Figure 4.11 shows that the two layer stacked autoencoder accuracy is better than one layer stacked autoencoder. The deep learning network has better prediction results than simple single location prediction. Two layer stacked autoencoder accuracy is worse than baseline prediction accuracy. The reason is baseline prediction uses all data set to make a prediction. The input data contains time information range from 4000 days. However, the stacked autoencoder system developed in this example takes the input data of each individual day. 
For future experiments, the model can be designed as to take input of multiple days, especially if prediction wants to be made on a certain day of the week (e.g. Tuesday), then Monday, last Monday data can be used to train the autoencoder. Another idea is to train seven different autoencoders used for seven days. And specific autoencoder can be used to make prediction on that specific day.


[bookmark: _Toc372621104]. Future Work  
The performance of deep belief network can be further studied. In this research, gray scale pictures are used as input and used to predict. Voice input, video input or other color pictures may be used as input in future experiment. In this research, PCA is used to perform linear dimension reduction. Future studies can try different methods of dimension reduction. The classifier used in this thesis is softmax. Future studies can use other supervised classifier such as SVM or kNN. Based on different problem, different depth deep belief network can be used. The MNIST data are two dimension digits and two-layer autoencoder plus softmax is sufficient to extract high level features (penstroke, contour) to perform well in prediction tasks. A deeper network like three, four, even five layer deep network also may be used in future works. From our experiment results, the after-fine-tuning accuracy from two-layer network doesn’t improve much comparing with that one-layer network. There is no need to build deeper network since it will be even more time consuming. In future experiments, different dataset may also be used to test the performance: psychological data, gene data, etc. The models can be developed and tested accordingly. Self-taught learning is more general than semi-supervised learning. In the future studies, more unlabeled data can be used to train the sparse autoencoder and let it learn high-level features for classification use purpose.
	
[bookmark: _Toc372621105]. Summary
First, an extensive set of experiments of various types of deep network structures, together with various pre-processing dimension-reduction techniques, are conducted on the MNIST handwritten digits image recognition data set to understand their performances and quality-cost trade-offs.
[bookmark: _Toc286925730]Various deep learning networks are applied to future crime prediction based on historical crime records. Extensive experimental results show that deep networks achieve better results than a basic prediction algorithm.	
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Baseline, simple single location and Softmax prediction accuracy
boundary	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	baseline (all data frequency)	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	1.2853470437018E-2	1.6923736075406998E-2	2.09940017137961E-2	4.75578406169666E-2	5.5698371893744603E-2	8.1191088260496994E-2	8.18337617823479E-2	9.5544130248500406E-2	9.8329048843187702E-2	0.118251928020566	0.149528706083976	0.15295629820051401	0.15509854327334999	0.163881748071979	0.19130248500428401	0.19880034275921199	0.203299057412168	0.209511568123393	0.227077977720651	0.23393316195372801	0.25578406169665802	0.272707797772065	0.27656383890317099	0.280205655526992	0.28363324764352998	0.29027420736932302	0.29562982005141403	0.29670094258783197	0.29670094258783197	0.29670094258783197	0.31233933161953698	0.31426735218509	0.33354755784061701	0.33783204798629002	0.34083119108826099	0.34404455869751499	0.35175664095972597	0.35218508997429299	0.35839760068551801	0.35946872322193701	0.36139674378748898	0.38131962296486699	0.38581833761782303	0.38753213367609302	0.39460154241645201	0.39545844044558698	0.40595544130248501	0.41473864610111399	0.41859468723221899	0.43166238217652098	0.43444730077120802	0.45801199657240799	0.45908311910882599	0.46808054841473901	0.469794344473008	0.47579263067694899	0.47643530419879998	0.47900599828620399	0.48007712082262199	0.48479005998286201	0.491859468723222	0.49443016281062602	0.49871465295629802	0.50107112253641795	0.50192802056555297	0.50771208226221098	0.51713796058269101	0.52163667523564705	0.52527849185946895	0.52570694087403602	0.52613538988860298	0.53256212510711198	0.53256212510711198	0.53534704370179997	0.53706083976006902	0.54091688089117396	0.54541559554412999	0.54884318766066797	0.551842330762639	0.55526992287917698	0.55634104541559604	0.57219365895458396	0.57369323050556997	0.59147386461011098	0.59190231362467904	0.59875749785775501	0.60282776349614398	0.61182519280205705	0.61868037703513301	0.62275064267352198	0.63110539845758395	0.63131962296486699	0.63731790916880904	0.64095972579263105	0.64438731790916903	0.64867180805484204	0.653384747215081	0.65381319622964895	0.65467009425878298	0.65638389031705202	0.66152527849186005	0.68016281062553596	0.68594687232219398	0.69108826049700101	0.69880034275921199	0.70137103684661495	0.70351328191945195	0.70908311910882604	0.71358183376178197	0.72472150814053105	0.734361610968295	0.73693230505569796	0.74678663239074605	0.74871465295629802	0.75556983718937398	0.76156812339331603	0.76435304198800402	0.77506426735218503	0.78984575835475601	0.79777206512425003	0.82433590402742096	simple single location prediction accuracy(80% train and 20% test)	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.97428204029147003	0.96656665237891104	0.95885126446635205	0.91448778396913799	0.89412773253321898	0.85126446635233599	0.85512216030861599	0.83626232318902705	0.82640377196742398	0.79682811830261502	0.75439348478354096	0.74496356622374604	0.74453493356193801	0.72524646378054003	0.69138448349764303	0.688384054864981	0.69181311615945096	0.67509644234890698	0.64937848264037701	0.64359194170595801	0.63009001285898003	0.61958851264466397	0.60115730818688395	0.61337333904843605	0.59901414487783999	0.59022717531075897	0.60180025717959695	0.59087012430347197	0.5970852978997	0.59108444063437604	0.60180025717959695	0.592584654950707	0.56900985855122199	0.56600942991855996	0.56536648092584696	0.55850835833690504	0.56429489927132503	0.54522074582083202	0.55250750107158197	0.55743677668238301	0.54693527646806706	0.54779254179168502	0.532576082297471	0.52421774539219901	0.53879125589369903	0.53986283754822095	0.53621945992284603	0.52314616373767697	0.531933133304758	0.52464637805400804	0.52143163309044205	0.50535790827260996	0.52764680668666997	0.50342906129447096	0.52164594942134601	0.52014573510501505	0.50942991855979403	0.52893270467209597	0.50835833690527199	0.51264466352336102	0.50900128589798499	0.51435919417059595	0.51607372481783098	0.52121731675953697	0.51435919417059595	0.52721817402486104	0.502571795970853	0.51178739819974295	0.51885983711958905	0.51200171453064702	0.53579082726103699	0.51650235747964002	0.51028718388341199	0.51328761251607402	0.52036005143592001	0.52443206172310297	0.51243034719245595	0.51735962280325798	0.52250321474496397	0.54350621517359599	0.50514359194170599	0.52786112301757404	0.51757393913416205	0.51843120445778001	0.52678954136305201	0.532576082297471	0.54714959279897102	0.54179168452636095	0.52893270467209597	0.53643377625375099	0.53236176596656704	0.53707672524646399	0.54736390912987598	0.56236605229318504	0.54950707243892005	0.54479211315902298	0.56172310330047204	0.55765109301328797	0.55850835833690504	0.55486498071153001	0.55272181740248605	0.57886840977282505	0.58358336905272201	0.58594084869267005	0.59515645092156	0.59365623660522904	0.59601371624517796	0.60030004286326599	0.59922846120874396	0.62430347192456104	0.61658808401200205	0.63180454350621496	0.623874839262752	0.63073296185169303	0.64702100300042897	0.65066438062580401	0.66438062580368595	0.67059579939991398	0.683883411915988	0.685812258894128	0.72181740248606896	Softmax trainAcc	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.98500267809319797	0.98125334761649696	0.97750401713979695	0.94938403856454201	0.93893947509373299	0.91162292447777205	0.91349758971612205	0.89582217461167701	0.89501874665238401	0.87814675950723098	0.83824317086234601	0.84199250133904702	0.83985002678093201	0.82565613283342298	0.80155329405463305	0.79271558650241003	0.79244777718264603	0.78950187466523802	0.76486341724691997	0.76647027316550598	0.73460096411355102	0.71612212104981299	0.70755222281735397	0.70996250669523298	0.70567755757900397	0.70969469737546897	0.68639528655597204	0.69041242635243705	0.69148366363149405	0.69898232458489595	0.69282271023031605	0.67648634172469202	0.65452597750401698	0.64408141403320796	0.65024102838778797	0.64086770219603595	0.63952865559721495	0.64247455811462195	0.63604713444027905	0.64327798607391495	0.62747723620782003	0.61944295661489002	0.60819496518478799	0.59694697375468697	0.613015532940546	0.60364220674879498	0.59989287627209398	0.59212640599892896	0.59908944831280098	0.58677021960364195	0.58757364756293495	0.57498660953401204	0.56802356722013903	0.56668452062131802	0.57391537225495504	0.57686127477236204	0.57525441885377604	0.56507766470273202	0.56454204606320302	0.57552222817354104	0.57311194429566203	0.57552222817354104	0.57337975361542604	0.58194965184788405	0.58061060524906305	0.58328869844670606	0.57846813069094805	0.58730583824317095	0.57900374933047705	0.57820032137118405	0.59105516871987096	0.58703802892340695	0.57953936797000505	0.58543117300482095	0.59373326191751497	0.58864488484199295	0.59560792715586497	0.59775040171397997	0.59908944831280098	0.59801821103374397	0.59721478307445097	0.61649705409748301	0.609266202463846	0.62131762185324102	0.61863952865559702	0.62988752008569904	0.63524370648098605	0.64675950723085196	0.64542046063202996	0.64059989287627195	0.63952865559721495	0.668719871451527	0.65747188002142498	0.66336368505623999	0.66122121049812499	0.667648634172469	0.67327262988752001	0.67943224424210003	0.668184252811998	0.68023567220139303	0.68666309587573704	0.70567755757900397	0.719871451526513	0.70701660417782497	0.721746116764863	0.73299410819496502	0.71638993036957699	0.73379753615425802	0.74772362078200305	0.74638457418318205	0.75923942153186896	0.76968398500267798	0.75950723085163396	0.77450455275843599	0.78762720942688802	0.779592929833958	0.80262453133369005	0.79860739153722604	0.81387252276379196	0.82297803963577898	0.85163363685056204	Softmax testAcc	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.99142550911039695	0.99035369774919602	0.98285101822079302	0.96463022508038598	0.96463022508038598	0.94640943193997895	0.932475884244373	0.93461950696677398	0.92711682743837098	0.89281886387995701	0.894962486602358	0.86602357984994605	0.86173633440514497	0.87674169346195097	0.82636655948553095	0.82529474812433001	0.804930332261522	0.79314040728831703	0.80171489817792096	0.767416934619507	0.76312968917470503	0.73633440514469495	0.76527331189710601	0.73204715969989298	0.74705251875669898	0.70632368703108295	0.77170418006430896	0.74919614147909996	0.73311897106109303	0.71275455519828501	0.64630225080385895	0.72132904608788895	0.68274383708467301	0.69131832797427695	0.66345123258306504	0.67416934619506996	0.66988210075026799	0.65916398713826396	0.64951768488745998	0.65594855305466204	0.65058949624866003	0.62808145766345103	0.60128617363344095	0.63022508038585201	0.60235798499464099	0.61307609860664503	0.58520900321543401	0.58199356913183298	0.56270096463022501	0.56591639871382604	0.50053590568060002	0.52197213290460898	0.54340836012861704	0.50482315112540199	0.51554126473740602	0.48338692390139298	0.44051446945337602	0.47159699892818902	0.50053590568060002	0.48017148981779201	0.48981779206859599	0.50375133976420206	0.496248660235799	0.49732047159699899	0.50160771704180096	0.51232583065380499	0.47588424437298998	0.44480171489817799	0.46945337620578798	0.50696677384780298	0.496248660235799	0.45337620578778098	0.50375133976420206	0.51125401929260506	0.47695605573419098	0.50053590568060002	0.47052518756698802	0.51125401929260506	0.46087888531618398	0.47909967845659202	0.48231511254019299	0.47802786709539102	0.46945337620578798	0.49732047159699899	0.50482315112540199	0.54126473740621694	0.51232583065380499	0.49196141479099698	0.54233654876741699	0.59378349410503795	0.60342979635584104	0.51125401929260506	0.56270096463022501	0.52947481243301198	0.57127545551982895	0.57877813504823195	0.58092175777063204	0.54019292604501601	0.58628081457663495	0.54340836012861704	0.57877813504823195	0.58842443729903504	0.55734190782422299	0.61736334405144699	0.60342979635584104	0.59378349410503795	0.65487674169346199	0.61629153269024695	0.58842443729903504	0.64523043944265801	0.62272240085744901	0.59592711682743804	0.69453376205787798	0.64951768488745998	0.63022508038585201	0.68703108252947498	0.60986066452304399	0.68060021436227203	0.69346195069667704	0.69453376205787798	0.71704180064308698	
Baseline, simple single location and 1SAE + Softmax prediction accuracy
boundary	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	0.5	baseline (all data frequency)	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	1.2853470437018E-2	1.6923736075406998E-2	2.09940017137961E-2	4.75578406169666E-2	5.5698371893744603E-2	8.1191088260496994E-2	8.18337617823479E-2	9.5544130248500406E-2	9.8329048843187702E-2	0.118251928020566	0.149528706083976	0.15295629820051401	0.15509854327334999	0.163881748071979	0.19130248500428401	0.19880034275921199	0.203299057412168	0.209511568123393	0.227077977720651	0.23393316195372801	0.25578406169665802	0.272707797772065	0.27656383890317099	0.280205655526992	0.28363324764352998	0.29027420736932302	0.29562982005141403	0.29670094258783197	0.29670094258783197	0.29670094258783197	0.31233933161953698	0.31426735218509	0.33354755784061701	0.33783204798629002	0.34083119108826099	0.34404455869751499	0.35175664095972597	0.35218508997429299	0.35839760068551801	0.35946872322193701	0.36139674378748898	0.38131962296486699	0.38581833761782303	0.38753213367609302	0.39460154241645201	0.39545844044558698	0.40595544130248501	0.41473864610111399	0.41859468723221899	0.43166238217652098	0.43444730077120802	0.45801199657240799	0.45908311910882599	0.46808054841473901	0.469794344473008	0.47579263067694899	0.47643530419879998	0.47900599828620399	0.48007712082262199	0.48479005998286201	0.491859468723222	0.49443016281062602	0.49871465295629802	0.50107112253641795	0.50192802056555297	0.50771208226221098	0.51713796058269101	0.52163667523564705	0.52527849185946895	0.52570694087403602	0.52613538988860298	0.53256212510711198	0.53256212510711198	0.53534704370179997	0.53706083976006902	0.54091688089117396	0.54541559554412999	0.54884318766066797	0.551842330762639	0.55526992287917698	0.55634104541559604	0.57219365895458396	0.57369323050556997	0.59147386461011098	0.59190231362467904	0.59875749785775501	0.60282776349614398	0.61182519280205705	0.61868037703513301	0.62275064267352198	0.63110539845758395	0.63131962296486699	0.63731790916880904	0.64095972579263105	0.64438731790916903	0.64867180805484204	0.653384747215081	0.65381319622964895	0.65467009425878298	0.65638389031705202	0.66152527849186005	0.68016281062553596	0.68594687232219398	0.69108826049700101	0.69880034275921199	0.70137103684661495	0.70351328191945195	0.70908311910882604	0.71358183376178197	0.72472150814053105	0.734361610968295	0.73693230505569796	0.74678663239074605	0.74871465295629802	0.75556983718937398	0.76156812339331603	0.76435304198800402	0.77506426735218503	0.78984575835475601	0.79777206512425003	0.82433590402742096	simple single location prediction accuracy(80% train and 20% test)	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.97428204029147003	0.96656665237891104	0.95885126446635205	0.91448778396913799	0.89412773253321898	0.85126446635233599	0.85512216030861599	0.83626232318902705	0.82640377196742398	0.79682811830261502	0.75439348478354096	0.74496356622374604	0.74453493356193801	0.72524646378054003	0.69138448349764303	0.688384054864981	0.69181311615945096	0.67509644234890698	0.64937848264037701	0.64359194170595801	0.63009001285898003	0.61958851264466397	0.60115730818688395	0.61337333904843605	0.59901414487783999	0.59022717531075897	0.60180025717959695	0.59087012430347197	0.5970852978997	0.59108444063437604	0.60180025717959695	0.592584654950707	0.56900985855122199	0.56600942991855996	0.56536648092584696	0.55850835833690504	0.56429489927132503	0.54522074582083202	0.55250750107158197	0.55743677668238301	0.54693527646806706	0.54779254179168502	0.532576082297471	0.52421774539219901	0.53879125589369903	0.53986283754822095	0.53621945992284603	0.52314616373767697	0.531933133304758	0.52464637805400804	0.52143163309044205	0.50535790827260996	0.52764680668666997	0.50342906129447096	0.52164594942134601	0.52014573510501505	0.50942991855979403	0.52893270467209597	0.50835833690527199	0.51264466352336102	0.50900128589798499	0.51435919417059595	0.51607372481783098	0.52121731675953697	0.51435919417059595	0.52721817402486104	0.502571795970853	0.51178739819974295	0.51885983711958905	0.51200171453064702	0.53579082726103699	0.51650235747964002	0.51028718388341199	0.51328761251607402	0.52036005143592001	0.52443206172310297	0.51243034719245595	0.51735962280325798	0.52250321474496397	0.54350621517359599	0.50514359194170599	0.52786112301757404	0.51757393913416205	0.51843120445778001	0.52678954136305201	0.532576082297471	0.54714959279897102	0.54179168452636095	0.52893270467209597	0.53643377625375099	0.53236176596656704	0.53707672524646399	0.54736390912987598	0.56236605229318504	0.54950707243892005	0.54479211315902298	0.56172310330047204	0.55765109301328797	0.55850835833690504	0.55486498071153001	0.55272181740248605	0.57886840977282505	0.58358336905272201	0.58594084869267005	0.59515645092156	0.59365623660522904	0.59601371624517796	0.60030004286326599	0.59922846120874396	0.62430347192456104	0.61658808401200205	0.63180454350621496	0.623874839262752	0.63073296185169303	0.64702100300042897	0.65066438062580401	0.66438062580368595	0.67059579939991398	0.683883411915988	0.685812258894128	0.72181740248606896	1SAE+Softmax trainAcc	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.98500267809319797	0.98125334761649696	0.97750401713979695	0.94938403856454201	0.93867166577396899	0.91135511515800804	0.91349758971612205	0.89608998393144101	0.89501874665238401	0.87814675950723098	0.83904659882163901	0.84172469201928202	0.84011783610069601	0.82565613283342298	0.80289234065345505	0.79378682378146803	0.79378682378146803	0.78950187466523802	0.76513122656668497	0.76647027316550598	0.73326191751473002	0.71906802356721999	0.71076593465452598	0.71371183717193398	0.70648098553829697	0.70996250669523298	0.68826995179432304	0.69068023567220105	0.69469737546866595	0.70326727370112496	0.69603642206748795	0.68050348152115703	0.65854311730048198	0.65586502410283898	0.65613283342260298	0.64809855382967296	0.65104445634708097	0.64461703267273696	0.63899303695768594	0.65211569362613797	0.63818960899839305	0.63229780396357804	0.61917514729512602	0.60364220674879498	0.62104981253347602	0.61381896089983901	0.60953401178361	0.60310658810926598	0.61837171933583301	0.60658810926620199	0.59748259239421497	0.59373326191751497	0.59185859667916396	0.57686127477236204	0.59319764327798596	0.58623460096411395	0.59292983395822196	0.60149973219067998	0.58168184252812005	0.58891269416175696	0.59266202463845696	0.59855382967327297	0.58810926620246395	0.60498125334761699	0.59426888055704297	0.60364220674879498	0.59855382967327297	0.610069630423139	0.59667916443492197	0.59480449919657197	0.60444563470808799	0.60123192287091598	0.59748259239421497	0.59721478307445097	0.60364220674879498	0.59426888055704297	0.60203535083020898	0.61890733797536202	0.61515800749866101	0.60578468130690899	0.60417782538832399	0.62479914301017703	0.61756829137654001	0.62587038028923403	0.62426352437064803	0.63095875736475604	0.64809855382967296	0.64809855382967296	0.65104445634708097	0.64649169791108696	0.64167113015532895	0.66952329941082001	0.65773968934118898	0.67487948580610602	0.665773968934119	0.665506159614355	0.67728976968398502	0.68077129084092103	0.66416711301553299	0.68264595607927203	0.68291376539903603	0.70594536689876797	0.71960364220674899	0.70969469737546897	0.72094268880557	0.73138725227637902	0.71371183717193398	0.73379753615425802	0.74611676486341705	0.74450990894483104	0.76004284949116196	0.76968398500267798	0.75950723085163396	0.77370112479914299	0.78655597214783102	0.778789501874665	0.80262453133369005	0.79860739153722604	0.81387252276379196	0.82324584895554398	0.85136582753079804	1SAE+Softmax testBFTAcc	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.99571275455519803	0.99035369774919602	0.984994640943194	0.96463022508038598	0.96677384780278697	0.94855305466237905	0.93676312968917497	0.93783494105037501	0.92818863879957103	0.89603429796355805	0.89710610932475898	0.86816720257234703	0.86387995712754595	0.87781350482315101	0.83172561629153297	0.83279742765273301	0.80814576634512303	0.79314040728831703	0.80600214362272204	0.767416934619507	0.78027867095391201	0.76527331189710601	0.78349410503751304	0.75455519828510198	0.76848874598070704	0.71168274383708496	0.78778135048231501	0.76312968917470503	0.75133976420150095	0.714898177920686	0.65809217577706303	0.74812433011789903	0.722400857449089	0.72454448017148998	0.71811361200428703	0.71596998928188604	0.70525187566988201	0.707395498392283	0.68703108252947498	0.69131832797427695	0.69989281886388	0.68167202572347296	0.67524115755627001	0.68381564844587395	0.64523043944265801	0.66237942122186499	0.62808145766345103	0.62915326902465196	0.58413719185423396	0.62915326902465196	0.57877813504823195	0.57127545551982895	0.58842443729903504	0.53697749196141498	0.55412647374062196	0.51339764201500504	0.53376205787781394	0.52304394426580902	0.53804930332261502	0.54983922829581999	0.51232583065380499	0.52733118971061099	0.50160771704180096	0.51875669882100806	0.53269024651661301	0.55841371918542304	0.50267952840300101	0.51768488745980701	0.49196141479099698	0.50482315112540199	0.443729903536978	0.48553054662379402	0.49410503751339802	0.52197213290460898	0.49410503751339802	0.488745980707396	0.49088960342979598	0.51446945337620598	0.481243301178993	0.46945337620578798	0.48231511254019299	0.47909967845659202	0.49303322615219702	0.52947481243301198	0.53054662379421202	0.53697749196141498	0.50696677384780298	0.488745980707396	0.54126473740621694	0.59485530546623799	0.61307609860664503	0.50803858520900302	0.57020364415862801	0.56055734190782402	0.57020364415862801	0.57877813504823195	0.57341907824222904	0.55198285101822098	0.59807073954983903	0.55519828510182201	0.59485530546623799	0.58735262593783499	0.54769560557341901	0.62165058949624896	0.60557341907824203	0.59592711682743804	0.66452304394426598	0.61843515541264704	0.58413719185423396	0.64415862808145796	0.63129689174705295	0.60664523043944296	0.69774919614147901	0.65058949624866003	0.63129689174705295	0.69346195069667704	0.61093247588424404	0.68274383708467301	0.69453376205787798	0.69667738478027896	0.71704180064308698	1SAE+Softmax testAFTAcc	106	109	115	116	107	78	118	117	119	120	105	108	89	101	73	104	114	67	100	83	1	96	112	74	90	95	113	45	79	91	111	102	103	93	84	80	94	68	2	69	46	57	82	56	63	55	81	58	70	51	34	47	60	41	3	13	59	110	36	71	65	85	4	64	24	62	5	31	49	23	35	7	48	12	54	121	98	92	25	52	97	86	6	28	76	18	50	72	26	75	53	29	40	30	20	15	38	66	27	8	14	17	39	37	77	87	88	99	19	44	61	22	16	32	21	42	10	33	9	43	11	region	0.99571275455519803	0.99035369774919602	0.984994640943194	0.96463022508038598	0.96463022508038598	0.947481243301179	0.93569131832797403	0.93461950696677398	0.92818863879957103	0.88424437299035397	0.879957127545552	0.85316184351554103	0.84887459807073995	0.85423365487674197	0.804930332261522	0.80814576634512303	0.77277599142550901	0.77063236870310803	0.77384780278670995	0.72454448017148998	0.73526259378349401	0.70525187566988201	0.74062165058949603	0.68595927116827404	0.68595927116827404	0.63451232583065398	0.69989281886388	0.69024651661307601	0.67416934619506996	0.66666666666666696	0.58842443729903504	0.65380493033226195	0.61843515541264704	0.62379421221864995	0.62057877813504803	0.61736334405144699	0.60771704180064301	0.61843515541264704	0.61200428724544498	0.58199356913183298	0.63236870310825299	0.55948553054662398	0.59699892818863898	0.55305466237942102	0.54448017148981798	0.57770632368703101	0.56806002143622703	0.57556270096463003	0.55841371918542304	0.55627009646302294	0.51982851018220799	0.51661307609860696	0.52090032154340804	0.49732047159699899	0.51554126473740602	0.47052518756698802	0.52733118971061099	0.48338692390139298	0.50375133976420206	0.50482315112540199	0.50267952840300101	0.47909967845659202	0.49517684887459801	0.51339764201500504	0.50911039657020396	0.48767416934619501	0.43837084673097498	0.49732047159699899	0.49196141479099698	0.55948553054662398	0.49839228295819898	0.49732047159699899	0.496248660235799	0.50375133976420206	0.45980707395498399	0.48017148981779201	0.44480171489817799	0.49196141479099698	0.50375133976420206	0.50053590568060002	0.49303322615219702	0.49303322615219702	0.49196141479099698	0.51339764201500504	0.488745980707396	0.53697749196141498	0.50696677384780298	0.47802786709539102	0.53161843515541296	0.54340836012861704	0.54876741693461994	0.49196141479099698	0.52411575562700996	0.54340836012861704	0.55519828510182201	0.55412647374062196	0.54769560557341901	0.51339764201500504	0.54983922829581999	0.52518756698821001	0.56270096463022501	0.56698821007502698	0.52947481243301198	0.56913183279742796	0.55627009646302294	0.58306538049303303	0.63129689174705295	0.57449088960342998	0.57127545551982895	0.62272240085744901	0.59592711682743804	0.58520900321543401	0.64844587352625904	0.61200428724544498	0.61736334405144699	0.65594855305466204	0.58949624866023598	0.65166130760986096	0.67631296891747095	0.66773847802786701	0.69560557341907803	
Baseline, simple single location and 2SAE + Softmax prediction accuracy
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