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Abstract— Since MNIST handwritten digit recognition is too simple, it is difficult to make an effective evaluation of machine learning algorithms, so the MNIST fashion dataset has to be introduced. This article will use KNN classifier and decision tree classifier to classify MNIST fashion dataset, and compare and analyze the results, including confusion matrices, recall, precision, F1 score and classification accuracy.
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Introduction 
The MNIST fashion dataset is a clothing image dataset provided by Zalando, Germany, which contains a training set of 60,000 samples and a test set of 10,000 samples. Each sample is a 28x28 grayscale image associated with 10 class labels. The MNIST fashion dataset is intended as a drop-in replacement for the original MNIST dataset for benchmarking machine learning algorithms.
We use certain statistical methods to carry out preliminary statistical descriptions on the image data, analyze the given image data sets, select appropriate features, and use appropriate mathematical models to accurately judge and identify each piece of clothing, because each model will not be 100% the most Therefore, a suitable evaluation model should be established to evaluate the performance of the established mathematical model, mainly including the evaluation of correct rate and rejection rate. The 60,000 images in the given data are used to train the mathematical model (KNN classifier and decision tree classifier), and 10,000 images are used to verify the sample data, test the correct rate, and analyze the cause of the error.
 related work in literature
MNIST fashion dataset
MNIST fashion dataset clones all the extrinsic features of MNIST dataset:
60,000 training images and corresponding Labels;
10,000 test images and corresponding Labels;
10 categories;
28x28 resolution per image;
4 GZ file names are the same.
The difference is that MNIST fashion dataset is no longer an abstract symbol, but a more concrete human necessity - clothing, with a total of 10 categories:
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Class names and example images in Fashion-MNIST dataset
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Files contained in the MNIST fashion dataset
The MNIST data set (handwritten digit data set) is one of the widely used data sets in image classification, but it is too simple as a benchmark data set. The MNIST data set can have relatively high accuracy on simple models, which is not convenient for model verification, so we will use the similar but more complex MNIST fashion dataset.
 K-Nearest Neighbor
The KNN algorithm, known as the K-Nearest Neighbor algorithm, is suitable for scenarios with multi-category data. The main core idea is to calculate the distance between the predicted sample and the data point of the training set in a given training data set, sort the results of the calculated distance in ascending order, and take K samples from it. Observing which category has the most data in the first K samples, it is determined that the sample to be predicted is that category[1].
Calculate the distance between the sample to be tested and all training samples according to the distance measurement function determined in advance, and then find K training samples closest to the sample to be tested according to the distance, and the category of the sample to be tested is determined according to the category information of the K training samples , the decision-making category is commonly used "voting method". From the above working mechanism, we can know that the KNN algorithm actually classifies by calculating the distance between each feature value of two sample points, and only needs to refer to the nearest K of the sample. The attributes of the sample category of the sample to classify samples of unknown categories.
[image: ]
 KNN instance diagram
As shown in the above figure, the circle is the sample to be tested, that is, the sample to be classified; the adjacent samples in the figure are divided into two categories, the square represents category 1, and the triangle represents analogy 2; when K=3, the sample of category 2 If the number is greater than category 1, the sample to be classified belongs to category 2; when K=5, the number of samples in category 1 is greater than category 2, then the sample with classification belongs to category 1; this decision-making method is the voting mentioned above Law[2].
In addition, the KNN algorithm also has an important index for classification, that is, the distance between the sample to be tested and the adjacent samples. The distance is different, and the adjacent samples for classification and judgment are also different. The following distance functions are commonly used, including Minkowski distance, Manhattan distance, Euclidean distance, Chef Sherby distance, and cosine distance[3].
Advantages and disadvantages of KNN algorithm: The use of the KNN model does not require prior training. The algorithm is a lazy learning process. The learning stage is just to store data. The model structure is simple and easy to understand. It only needs a K value as a hyperparameter, and its accuracy and sensitivity are high. Applicable for large-scale automatic classification.
The KNN model has the problem of sample imbalance. For example, if there are a large number of samples in the training set, the KNN model will tend to classify the samples into the KNN model. Another defect of the KNN algorithm is that the K value must be set in advance. The value setting is very sensitive, and the selected K value has a great influence on the classification effect of KNN[4]. The value of K is small, and it is highly sensitive to examples near neighboring points, and is easily affected by noise points, resulting in over-fitting problems. On the contrary, if the value of K is too large, it is equivalent to using a training example in a larger neighborhood for prediction. This method has better robustness, and its advantage is that it reduces the estimation error of learning, but due to Examples that are far away from the test point will also have a certain impact on the prediction results, which is inconsistent with the principle of the KNN algorithm. Because the KNN algorithm needs to calculate all the test data and training data, the calculation workload is large, time-consuming and complex.
 Decision Tree
In theory, for a given data set, because the test features need to be selected when the node is branched, the number of generated decision trees is exponential in the number of features. Although there are some decision trees that generalize better than others, the hypothesis space is exponential in size, and finding the decision tree with the best generalization ability is extremely difficult. It is also acceptable to generate sub-optimal decision trees that generalize well in a reasonable amount of time[5].
Decision Tree algorithm (Decision Tree, DT) is a machine learning method based on data inductive reasoning, and its core classification idea is classified in the form of conditional judgment logic similar to If-Else. This effective divide-and-conquer strategy, when given an input, performs application traversal at each branch node, and repeats recursively until it reaches the final terminal leaf node.
Because the final screening conditions are different, the branch results are shaped like trunks and branches, so it is called a decision tree.The specific decision tree model is shown in Fig.5..
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Decision Tree model
The construction process of the decision tree mainly includes the following five steps: The first step is to train and screen the fault sample set, and find the most qualified attribute as the first node, that is, the root node. The second step is to use decision tree algorithms such as ID3 algorithm and C4.5 algorithm to calculate the basis for the division of test attributes of different categories of samples to divide attributes. The third step is to label the classification attribute values of the branches connected with the root node, internal nodes, and leaf nodes[6]. The fourth step is to repeat the above steps until all the nodes are divided. In the fifth step, it is necessary to remove some branch sub-trees that have little accuracy and are not helpful for classifying the data set, and replace them with leaf nodes. This process is called pruning.
Decision tree algorithm is a learning algorithm of supervision mechanism, which uses the mapping relationship between attribute values and attribute objects to solve problems. Based on a form similar to a binary tree to simulate a natural way of decision-making when humans encounter problems. The main purpose is to find a decision tree with strong generalization ability, and the core key is the division strategy of the optimal attribute. A good division strategy will make the "purity" of the nodes of the decision tree higher[7].
Due to the overfitting problem of the generated decision tree, pruning operations are usually performed to limit the size of the tree to improve the generalization ability of the decision tree. The pruning methods of decision trees are generally divided into pre-pruning and post-pruning[8].
Pre-pruning: In the process of generating a decision tree, as long as the node can generate new child nodes, it will continue to grow. This strategy can easily lead to the model falling into an over-fitting state. In order to reduce the risk of overfitting, the usual practice is to set a threshold, and stop growing when certain indicators, such as information gain, information gain ratio, Gini index or other indicators, are less than this threshold.
Post-pruning: first generate a complete decision tree, and then cut off some leaf nodes or sub-trees above the leaf nodes with low confidence from the generated decision tree, and remove its parent node or root node As a new leaf node, it reduces the size of the decision tree and reduces the risk of overfitting.
The decision tree is mainly a binary tree, following the principle of traversal from top to bottom. Among the leaf nodes, the number of error nodes obeys the binomial distribution. In this paper, the PEP pruning method is used to perform post-decision tree pruning operations. Although the amount of calculation will increase, the overall risk of over-fitting decreases relatively, and the risk of under-fitting also decreases simultaneously.
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The model of C4.5 decision tree
 Performance Metrics
The evaluation of generalization performance requires not only scientific experimental methods such as hold-out method and cross-validation method, but also evaluation indicators to measure generalization performance, that is, performance metrics. When comparing the generalization performance of models, different conclusions may be obtained using different performance metrics, which shows that the "quality" of a model depends not only on algorithms and data sets, but also on evaluation indicators. In practice, an appropriate evaluation index is usually selected according to the requirements of the task to measure the generalization performance of the model. The following introduces the common evaluation index in the binary classification task.
Confusion matrix, for the binary classification problem, according to the real category of the sample itself and the category predicted by the learner, it is divided into four combinations of True Positive, False Negative, True Negative, and False Negative. Obviously, there are TP+FP+TN+FN=the total number of samples, the confusion matrix of the classification results is shown in Fig.7..
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Confusion Matrix

Accuracy = (TP + TN) / (TP+ FP + TN + FN)
Recall  = TP / (TP + FN)
Precision = TP / (TP + FP)
F1 Score = 2*(P*R)/(P+R)

 Main body 
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In recent years, machine learning and deep learning techniques have been widely used in many fields due to their strong generalization performance and high precision. The KNN model is currently the most commonly used one in the field of machine learning.
The K-Nearest Neighbor (KNN) classification algorithm is one of the simplest machine learning algorithms and is relatively mature in theory. The KNN algorithm first expresses the sample to be classified as a feature vector consistent with the training sample; then calculates the distance between the sample to be tested and each training sample according to the distance, and selects the K samples with the smallest distance as the neighbor samples; finally judges according to the K neighbor samples The class of samples to be classified. The correct selection of the KNN algorithm is one of the key factors for correct classification, and the nearest neighbor samples are selected by calculating the distance between the test sample and each training set sample, so defining an appropriate distance is the prerequisite for the correct classification of KNN. In this paper, on the basis of the above research, the importance of feature attribute values to category judgment is regarded as equally important, and the sample distance is redefined as the correlation distance between pixels between any two samples, and the distance is calculated using the distance.
Next, There is introduction how to build a KNN classifier for MNIST fashion:
Importing the libraries and the necessary libraries that help to build up the model.
loading and reading the data-set that I have load down from the website and put it into the correct path. And the data-set name is fashion-mnist_train and fashion-mnist_test.
Getting inside of the list that is representing the image is going to be between 0 to 250.
Creating X and Y variables and X for the feature and Y for the test. 
Splitting data for validation and training.  
Importing KNN classifier by using sklearn libraries under the pack of sklearn.
Draw a precision line chart for k from 1 to 20, and choose the best performance among these data. 
Classifier model was fitted with x and y training data and the K value is 9. And printing the confusion matrix and accuracy of validation.
using the classification_report imported from sklearn metrics and printing the result of KNN classifier, including precision, recall, f1 score and accuracy.

[image: ]
Flowchart of KNN algorithm
 Decision Tree
Decision Tree is a non-parametric supervised learning method, which can summarize decision rules from a series of data with characteristics and labels, and present these rules in a  structure to solve classification and regression. question. Each internal node in the decision tree represents a judgment on an attribute, each branch represents the output of a judgment result, and each leaf node represents a classification result[9].
The tree module in python's sklearn library already contains the decision tree model we usually use, which can be called directly. And then, by adjusting the appropriate parameters, a decision tree with an ideal classification result can be obtained. The sklearn.tree module contains the following five classes. Next, we will mainly look at how the classification tree is used[10].
The constructor of the classification tree in the sklearn library contains many parameters, but in our actual application, some parameters are not used very frequently. We only need to focus on a few important parameters[11].
Criterion:
Before explaining the criterion parameter, we need to understand the concept of "impurity". For a decision tree, we need to convert the sample into a tree. First, we need to find the best node and branching method. For the classification tree, the index to measure the "best" is called "impurity", usually The lower the impurity, the better the fit of the decision tree to the training set. The core of the branching method of the decision tree algorithm currently used is mostly around the optimization of a certain impurity-related index.
The impurity is calculated based on the nodes, which means that each node will have an impurity, and the impurity of the child nodes must be lower than that of the parent node, that is, in a decision tree, the leaf nodes The impurity must be the lowest[12].
After explaining the impurity, it is much easier to understand when we look at the criterion parameter, which is used to determine the impurity calculation method. There are two options for this parameter: "entropy" and "gini".
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In the formula, t represents a given node, i represents any category of labels, and p(i | t) represents the proportion of label category i on node t. Information entropy is more sensitive to impurity, and the penalty for impurity is the strongest. In practical applications, the effect of information entropy and Gini coefficient is basically the same, but the calculation of information entropy takes more time than the Gini coefficient, because the calculation of Gini coefficient No logarithms are involved. In the actual application process, the parameters can be adjusted, and the model trained by the two calculation methods has a higher score, whichever one is used.
random_state & splitter:
random_state is used to set the parameters of the random mode in the branch, the default is None, the randomness will be more obvious in high-dimensional data, and the randomness will hardly appear in low-dimensional data (such as the iris data set). Input any integer, and the same tree will always be grown to stabilize the model.
The splitter is also used to control the random options in the decision tree. There are two input values, input "best", although the decision tree is random when branching, it will still preferentially select more important features for branching, input "random", the decision tree will be more random when branching, the tree will be deeper and larger because it contains more unnecessary information, and the fitting of the training set will be reduced due to these unnecessary information . This is also a way to prevent overfitting.
max_depth:
The function of max_depth is to limit the maximum depth of the tree, and all branches exceeding the limited depth will be cut off. This is the most widely used pruning parameter and is very effective in high dimension and low sample size. If the decision tree grows one more layer, the demand for sample size will double, so limiting the depth of the tree can effectively limit overfitting. It is also very useful in ensemble algorithms. In actual use, see the fitting effect before deciding whether to increase the set depth.
[image: ]
Flowchart of Decision Tree Construction
There is introduction how to build a decision tree classifier for MNIST fashion:
Importing  some necessary libraries and MNIST fashion dataset;
Dividing MNIST fashion dataset into training images and test images with corresponding labels.
Importing decision tree classifier. Criterion including gini and entropy, here I use C4.5 algorithm, so I choose entropy.  Max_depth that sets the maximum depth of the decision tree. The deeper, the easier it is to overfit. The depth of the tree is 15, which is best performance among all the depth shown in below accuracy of line graph.
min_samples_split means set the minimum number of samples of nodes. When the number of samples may be less than this value, nodes will not be divided. random_state is a parameter used to set the random mode in the decision tree branch. Splitter including best and random, because of my huge data, I choose random.
And then, x_train is an argument for training, the first number is used to index picture and the second number is used to index the pixels of each image. Y_train is the category label for training data. X_test is the rest of the data to test the model of trained decision tree. Y_test is the category label for the test data to distinguish the accuracy of the actual type from that of the predicted type.
Using the data that x_train and y_train to train the decision tree classifier.
Finally, print the result of the classifier, including train and test confusion_matrix. And using classification_report library to show the results, including precision, recall, f1-score and accuracy.
Using matplotlib to print a precision line chart with tree depth from 1 to 25.



 Result and discussion
KNN
[image: ]
 Accuracy line chart for different K values
It can be seen from the different accuracy line charts above that, in general, the K value keeps increasing from 0 to 8, and after exceeding 8, the accuracy begins to decline continuously. Therefore, I show the result of the best performance.
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 Confusion matrix and Accuracy of KNN
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 List of KNN precision, accuracy, recall, and f1-score

[bookmark: _GoBack]
 Decision Tree
[image: ]
 Accuracy line chart of maximum depth for  tree
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 Confusion matrix and Accuracy of DT
[image: ]
 List of decision tree precision, accuracy, recall, and f1-score
From the accuracy line chart, it can be seen that the accuracy of the maximum depth between 0 and 15 is constantly increasing, and after exceeding 15, it begins to stabilize.
Conclusion
Judging from the classification effect of the MNIST fashion data set, the effect of KNN is better than that of decision tree, but the classification speed of decision tree is faster than that of KNN.
The data set in this paper uses the KNN algorithm to obtain a high accuracy rate, but in this paper, it is considered that the importance of the feature attribute value to the category judgment is the same. When improving the algorithm, it should be considered that the importance of the feature attribute value to the category judgment is different. The correlation distance of the attribute can be used to measure the importance of the attribute value to the category. The smaller the correlation distance entropy, the greater the similarity between the two samples, and the greater the class credibility; Experiment to get k with higher accuracy. At the same time, when experimenting with multiple k, you can use multi-threading to run the experiment to shorten the time.
The max_depth setting of the decision tree is very critical. The decision tree will overfit the training data, which means that the model performs well on the training data, but performs poorly on the test data. So if max_depth is set too high, the decision tree will learn too finely, and more details from the training data will be included, which is likely to contain some noise to form overfitting, which is not conducive to our decision-making Trees are used in the test data. For other parameters, we can also obtain a more friendly parameter value by adjusting different values of the parameters, such as drawing a learning curve, and we can find the best parameter value point intuitively.
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Name Description # Examples Size
train-images-idx3-ubyte.gz  Training set images 60,000 25 MBytes
Training set labels 60,000 140 Bytes
Test set images 10,000 4.2 MBytes
t10k-labels-idx1-ubyte.gz ~ Test set labels 10,000 92 Bytes
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