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    内容简介
   

   
    本书从TensorFlow 2.0的基础知识讲起，深入介绍TensorFlow 2.0的进阶实战，并配合项目实战案例，重点介绍使用TensorFlow 2.0的新特性进行机器学习的方法，使读者能够系统地学习机器学习的相关知识，并对TensorFlow 2.0的新特性有更深入的理解。
   

   
    本书共14章，主要介绍机器学习、TensorFlow 2.0基础、张量、数据层、CNN等内容，中间还穿插了机器学习中常见的图形识别、文本处理和对抗训练等实例，以帮助读者理解TensorFlow 2.0。本书着重介绍了在TensorFlow 2.0中使用Keras的方法，Keras是TensorFlow 2.0中的重点概念，十分有必要对其进行学习。
   

   
    本书内容通俗易懂、案例丰富、实用性强，特别适用于TensorFlow 2.0的入门者和进阶者，以及有志从事机器学习的爱好者，本书还适合用作相关机构的培训教材。
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    前言
   

   
    这个技术有什么前途
   

   
    目前，机器学习是IT领域最热门的话题之一，它能在看似无限的应用场景中发挥自身的作用，包括检测欺诈网站、自动驾驶及识别“金牌会员”身份以进行价格预测等。
   

   
    通过机器学习，传统行业与互联网结合得更加紧密，机器学习能够帮助传统行业深度挖掘多年积累的数据，并根据各种行业场景制定模型。这些模型的合理应用，能够帮助各行业节省大量的人力和物力，为行业发展提供更多的数据支持。
   

   
    随着各行业对机器学习的认识逐渐加深，通过选择合适的工具，从业人员可以简化建模过程，更专注地分析数据和设计算法。
   

   
    TensorFlow是机器学习领域的老牌开源软件，其适用性已经在机器学习领域得到了验证，其开放的学习社区和大量的学习资料能够为处于各阶段的学习者提供帮助。
   

   
    笔者的使用体会
   

   
    作为一直使用TensorFlow的互联网从业者，笔者在TensorFlow 2.0推出之际，首先使用其对原有项目进行了简单的升级。在该过程中，笔者发现，TensorFlow 2.0根据TensorFlow社区众多开发者提出的意见在很多方面进行了优化，尤其是Keras的引入及其使用的加强，令笔者眼前一亮。
   

   
    本书的特色
   

   
    本书从基础的TensorFlow 2.0的安装、设置及应用开始介绍，并在介绍TensorFlow 2.0的新特性时使用了大量的实例，以帮助读者快速理解TensorFlow 2.0的特性。
   

   
    TensorFlow 2.0是一款机器学习工具，在介绍TensorFlow 2.0的同时，本书也穿插介绍了一些机器学习的基础知识，并以此为基础介绍了如何构建、训练和使用机器学习模型。
   

   
    本书希望通过通俗易懂的示例来帮助读者理解深奥的算法知识，同时充分利用TensorFlow 2.0的新特性来保证读者能够学会使用机器学习工具，把读者从构建模型的繁杂工作中解放出来，使读者能更深刻地了解实际场景，分析场景中的逻辑并精炼算法，从而达到使用机器学习的目的。
   

   
    本书的内容
   

   
    第1章介绍了人工智能的概念和常用的机器学习软件。
   

   
    第2章介绍了在Linux和Windows系统上安装与设置TensorFlow 2.0的方法，为后面使用TensorFlow 2.0做准备。
   

   
    第3章介绍了TensorFlow 2.0的基础概念，如后面章节中用到的张量、数据集等。
   

   
    第4章介绍了TensorFlow 2.0的应用：多层感知器。这是本书介绍的第一个TensorFlow 2.0的实际应用。
   

   
    第5章深入介绍了卷积神经网络在TensorFlow 2.0中的应用。卷积神经网络是一种在深度学习中常用的网络模型结构。
   

   
    第6章对TensorFlow 2.0的监督学习进行了介绍。
   

   
    第7章对TensorFlow 2.0的新特性应用进行了介绍，介绍了如何使用Keras构建TensorFlow 2.0的网络模型并进行训练。
   

   
    第8章针对典型的文本处理场景，介绍了如何使用TensorFlow 2.0对文本进行分类和处理。
   

   
    第9章针对典型的图像处理场景，介绍了如何使用TensorFlow 2.0对图像进行分类和处理。
   

   
    第10章通过实例介绍了决策树在TensorFlow 2.0下的使用。
   

   
    第11章探讨了机器学习中常见的过拟合和欠拟合在TensorFlow 2.0下的优化方法。
   

   
    第12章通过实例介绍了如何使用TensorFlow 2.0结构化数据。
   

   
    第13章着重介绍了如何使用TensorFlow 2.0构建一个回归模型并进行训练。
   

   
    作者介绍
   

   
    赵铭：互联网20年从业者，目前就职于医疗大数据行业，从事数据仓库、数据分析和知识图谱等方面的研究。跟进了多个从0到1的项目，在项目调研、项目执行、项目推广和项目维护工作中均有不同程度的参与。曾在人人网担任基础架构工程师，在粉丝网担任SRE部门开发工程师。在多年的工作中，积累了一定的开发经验。
   

   
    欧铁军：拥有15年软件和互联网工作背景。曾任IBM中国研究院研究员、高级软件工程师，成功完成多个IBM产品线的前沿研究工作，并在供应链、业务流程、智慧城市领域实施了多个大型项目；曾任国美库巴网CTO，在国美收购库巴网一案中起到了关键作用。在之后的几年里，分别在3家创业公司担任CTO，带领团队在云计算、O2O、C2B领域完成了多次技术攻关。拥有多项计算机工程领域专利，发表了多篇学术论文。
   

   
    本书的读者对象
   

   
    ● 机器学习的初学者
   

   
    ● 各数据公司的相关人员
   

   
    ● 各类培训班的学员
   

   
    ● 相关专业的大中专院校学生
   

   
    ● 需要工具书的学习者
   

   
    ● 其他对机器学习感兴趣的人
   

  

 
  
   
    
     | 第1章 |
    

    
     
      人工智能的概念
     

    

    
     [image: ]
    

   

  

  
   
    目前，人工智能（Artificial Intelligence，AI）是一个比较热门的行业，从业人数众多且仍在快速增长。本章对人工智能的一些基本概念和流程进行介绍。
   

  

 
  
   
    
     1.1 机器学习
    

   

   
    传统的计算机程序需要先通过人工的方式给出限定条件，并做出相应的限制，程序按照限定条件对输入的数据集进行分析，并得到最终结果。而机器学习则是使用特定的训练集进行大规模数据计算以实现人工建立限制的过程，机器学习将数据（不限于文本数据、图形数据、音频数据和视频数据）提交给模型，模型根据算法对数据进行处理。
   

   
    机器学习系统是通过训练得到的，不是显式的编制。机器学习过程是给机器学习一些与任务相关的例子，然后让机器通过例子推导并得出结果。深度学习是在机器学习基础上发展而来的一个重要方向，它通过特征建立相应的算法，从而达到让机器识别文字、数字和声音等数据的目的。传统程序、传统机器学习与深度学习之间的区别如图1-1所示。
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     图1-1 传统程序、传统机器学习与深度学习之间的区别
    

   

   
    机器学习的本质是通过不断分析特征集建立函数算法的过程。可以将该过程大致分为以下3个步骤。
   

   
    （1）选择一个合适的模型。针对不同的问题和任务的实际情况选取不同的模型，模型就是一组函数的集合。
   

   
    （2）通过测试判断一个函数的好坏。
   

   
    （3）找出合适的函数，常用的方法有梯度下降算法、最小二乘法等。
   

   
    在选择了合适的函数后，要不断地在新样本上进行测试，函数只有在新样本上表现得好才算合适。
   

   
    机器学习的核心是使用算法解析数据，使用数学方法建立函数，最终需要根据函数做出决定或进行预测。机器学习包括监督学习、无监督学习和强化学习。
   

   
    这3种机器学习都有其特定的优点和缺点。
   

   
    （1）监督学习需要有一组标记数据，使用特定模式来识别这种数据中每种标记的样本。监督学习主要包括分类、回归和排序。
   

   
    ① 在分类学习中，根据特定的模式将标记的数据划分为特定的类。
   

   
    ② 在回归学习中，根据特定的模式对已有数据进行处理以预测数据趋势。
   

   
    ③ 排序学习主要用于信息检索领域，需要按照一定的特征对特定数据集进行排序。
   

   
    （2）无监督学习利用类别未知的训练样本解决数据识别的各种问题。需要注意的是，在无监督学习中，数据是无标签的。无监督学习包括聚类学习和降维学习。
   

   
    ① 聚类学习的实质是将数据集按照一定的特征进行分组。与分类学习不同，在聚类学习中不需要人为指定组的信息。
   

   
    ② 降维学习是通过在数据集中找到数据的共同点实现的。多数大数据可视化使用降维学习来探寻趋势和规则。
   

   
    （3）强化学习使用机器的历史和经验来做决定。其不断地输入模糊数据，对机器学习函数进行强化，直至达到目的。强化学习是一个持续的过程。
   

   
    常用场景分类如图1-2所示。
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     图1-2 常用场景分类
    

   

  

 
  
   
    
     1.2 神经网络
    

   

   
    人工神经网络（Artificial Neural Network，ANN），简称神经网络或连接模型（Connection Model）。神经网络模仿了生物神经网络的特点，将生物神经网络数字化，使其更符合逻辑，从而模拟生物神经网络的“思考”过程，并将这个过程量化，保证了机器学习的准确率。神经网络的实际训练过程就是不断重复以上流程直至得到一个损失率较小的神经网络，然后使用训练过的神经网络模型对需要评测的数据进行处理。完整的神经网络训练流程如图1-3所示。
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     图1-3 完整的神经网络训练流程
    

   

  

 
  
   
    
     1.3 常用的深度学习框架
    

   

   
    选择一个合适的深度学习框架非常重要，每个深度学习框架都有其自身的特点，根据这些特点进行学习，能够起到事半功倍的效果。
   

   
    最流行的深度学习框架有TensorFlow和PyTorch，具体情况如下。
   

   
    （1）TensorFlow是使用人数最多、社区最庞大的框架，由Google公司开源，维护与更新比较频繁，并且有Python和C++的接口，教程也非常完善，是深度学习的主流框架之一。2019年3月，TensorFlow发布了TensorFlow 2.0，与TensorFlow 1.x版本相比，其做了很多改变，比较重要的有：①重用Keras可以使模型的构建和运行更加简单；②强调各平台的通用性；③与TensorFlow 1.x相比，TensorFlow 2.0提供了更方便的模型保存和调用方式。
   

   
    （2）PyTorch是从Torch框架演变来的深度学习框架，它使用Python在Torch框架上写了很多内容。不仅更加灵活，支持动态图，还提供了Python接口。PyTorch由Torch7团队开发，能够实现强大的GPU加速，且支持动态神经网络。
   

  

 
  
   
    
     | 第2章 |
    

    
     
      TensorFlow初探
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    TensorFlow是一个基于数据流编程的符号数学系统，被广泛应用于各类机器学习（Machine Learning）算法的编程实现。
   

   
    TensorFlow拥有多层级结构，可部署于各类服务器、PC终端和网页中，支持GPU和TPU高性能数值计算，广泛应用于谷歌的产品开发和各领域的科学研究。
   

   
    本章介绍如何在Linux系统和Windows系统中安装TensorFlow 2.0的CPU版本和GPU版本。
   

  

 
  
   
    
     2.1 在Linux系统中安装TensorFIow 2.0
    

   

   
    下面介绍如何在Linux系统中安装TensorFlow 2.0。
   

   
    （1）环境需求，本例中应用的系统环境如下。
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    （2）升级到pip最新版本（10.0.0及以上版本），代码如下。
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    （3）直接安装TensorFlow 2.0，代码如下。
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     2.2 在Linux系统中安装TensorFIow 2.0的GPU版本
    

   

   
    在Linux系统中安装TensorFlow 2.0的GPU版本需要Nvidia显卡的支持。因此，需要安装cuda10。
   

   
    （1）安装Nvidia驱动，需要安装410.48以上版本，禁止Ubuntu自带驱动，代码如下。
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    （2）在打开的文件中添加如下代码。
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    （3）更新配置后验证，代码如下。
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    （4）安装Nvidia驱动，下载完成后执行如下命令。
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    （5）重新启动图形界面，查看显卡驱动，命令如下。
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    （6）cuda下载完成后进行安装，代码如下。
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    （7）安装完成后配置到动态链接库，操作如下。
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    （8）添加如下语句。
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    （9）保存退出后，执行如下命令。
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    （10）配置到环境变量，进行如下操作。
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    （11）在文件末尾添加如下路径。
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    （12）运行如下命令使配置生效。
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    （13）下载cuDNN后进行安装，操作如下。
   

   
    [image: ]
   

   
    （14）安装TensorFlow 2.0的GPU版本，代码如下。
   

   
    [image: ]
   

  

 
  
   
    
     2.3 在Windows系统中安装TensorFIow 2.0
    

   

   
    下面介绍如何在Windows系统中安装TensorFlow 2.0，为了保证安装环境的一致性，采用Anaconda（开源的Python发行版本）配合安装。
   

   
    （1）Anaconda和TensorFlow 2.0的Windows版本都有最低安装要求，本例的安装环境详情如图2-1所示。
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     图2-1 安装环境详情
    

   

   
    （2）双击Anaconda安装文件，本例使用的Anaconda版本为3-5.1.0版本，弹出的Anaconda安装窗口如图2-2显示。
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     图2-2 弹出的Anaconda安装窗口
    

   

   
    （3）单击“运行”按钮，弹出窗口如图2-3所示。
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     图2-3 Anaconda安装窗口1
    

   

   
    （4）单击“Next”按钮，弹出窗口如图2-4所示。
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     图2-4 Anaconda安装窗口2
    

   

   
    （5）单击“I Agree”按钮，弹出窗口如图2-5所示。
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     图2-5 Anaconda安装窗口3
    

   

   
    （6）单击“Next”按钮，弹出窗口如图2-6所示。
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     图2-6 Anaconda安装窗口4
    

   

   
    （7）选择安装目录后，单击“Next”按钮，弹出窗口如图2-7所示。
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     图2-7 Anaconda安装窗口5
    

   

   
    （8）等待安装完成后，单击“Next”按钮，弹出窗口如图2-8所示。
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     图2-8 Anaconda安装窗口6
    

   

   
    （9）单击“Finish”按钮完成安装。
   

   
    （10）Anaconda安装完成后需要对环境变量进行相应的测试，进入Windows中的命令模式，输入：conda--version，如果结果如图2-9所示则证明Anaconda已经安装完成。
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     图2-9 Anaconda安装完成
    

   

   
    （11）检测目前安装了哪些环境变量，在命令行中输入：conda info--envs，输出结果如图2-10所示。
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     图2-10 Anaconda环境变量
    

   

   
    （12）由于Anaconda中安装了内置的Python版本解析器，这里基于Python进行介绍。在命令行中输入：conda search--full-name python，查看可用的Python版本，如图2-11所示。
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     图2-11 查看可用的Python版本
    

   

   
    （13）安装Python，这里安装3.5版本，在命令行中输入：conda create--name tensorflow python=3.5进行安装，如图2-12所示。
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     图2-12 安装Python
    

   

   
    （14）激活TensorFlow环境，在命令行中输入：activate tensorflow，如图2-13所示。
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     图2-13 激活TensorFlow环境
    

   

   
    （15）检测TensorFlow环境是否添加到Anaconda中，在命令行中输入：conda info--envs，如图2-14所示。
   

   
    [image: ]
    
     图2-14 TensorFlow检测
    

   

   
    （16）检测当前环境中的Python版本，在命令行中输入：python--version，本例中的Python版本是3.5.5，如图2-15所示。
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     图2-15 检测Python版本
    

   

   
    （17）更新TensorFlow到最新版本，在命令行中输入：pip install--upgrade--default-timeout=100--ignore-installed tensorflow进行安装，如图2-16所示。
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     图2-16 更新安装TensorFlow
    

   

  

 
  
   
    
     2.4 在Windows系统中安装TensorFIow 2.0的GPU版本
    

   

   
    在2.3节中安装了TensorFlow 2.0的默认版本，这个版本是基于CPU计算的，而TensorFlow在GPU下的运算效率会更高，本节举例说明如何在Windows下安装TensorFlow的GPU版本。
   

   
    （1）安装cuda 9.0、cuDNN 7.1，安装GPU版本与安装CPU版本类似，但是会多一步对GPU支持的安装。在安装前需要确认计算机拥有Nvidia的GPU。
   

   
    （2）在命令行中输入：conda create-n TF_2G python=3.5，构建TensorFlow 2.0的GPU环境，如图2-17所示。
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     图2-17 构建TensorFlow 2.0的GPU环境
    

   

   
    （3）当弹出“Proceed（[y]/n）？”时输入“y”并按“回车”键，如图2-18所示。
   

   
    [image: ]
    
     图2-18 新建TensorFlow GPU环境的操作
    

   

   
    （4）完成后在命令行中输入：conda activate TF_2G，进入TensorFlow的GPU环境，如图2-19所示。
   

   
    [image: ]
    
     图2-19 进入TensorFlow的GPU环境
    

   

   
    （5）安装GPU版本支持，拥有Nvidia GPU的Windows一般都有默认驱动。因此，只需要安装CUDA Toolkit与cuDNN即可。在命令行中输入：conda install cudatoolkit=10.0 cudnn，如图2-20所示。
   

   
    [image: ]
    
     图2-20 安装CUDA Toolkit和cuDNN
    

   

   
    注意：CUDA Toolkit为10.0.0版本。
   

   
    （6）安装TensorFlow 2.0的GPU版本，在命令行中输入：pip install tensorflow-gpu==2.0.0-i https://pypi.tuna.tsinghua.edu.cn/simple，进行安装。
   

   
    说明：“-i”表示从国内清华源下载。
   

   
    （7）测试TensorFlow 2.0的GPU版本（把下面代码保存到test.py，使用TF_2G Python运行），代码如下。
   

   
    [image: ]
   

   
    （8）如果输出“True”，则表示GPU版本安装成功。
   

   
    本章介绍了如何在Linux和Windows系统中安装TensorFlow 2.0的CPU版本和GPU版本。在后面的章节中将使用本章安装的版本对TensorFlow 2.0进行介绍。
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      TensorFlow的基础概念
     

    

    
     [image: ]
    

   

  

  
   
    本章对TensorFlow的基础概念进行简单介绍。
   

  

 
  
   
    
     3.1 张量
    

   

   
    TensorFlow包含构建数据流图与计算数据流图等，其构图的基础单元是Tensors（张量）。张量是TensorFlow最核心的组件，所有的运算和优化都是基于张量完成的。
   

   
    本节将使用TensorFlow 2.0对张量进行介绍。
   

   
    （1）在TensorFlow 2.0中，所有的操作都必须导入TensorFlow，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果是打印目前使用的TensorFlow版本。
   

   
    [image: ]
   

   
    说明：从TensorFlow 2.0开始，默认启用Eager模式。TensorFlow的Eager模式是一个命令式，是由运行定义的接口，一旦被调用，其操作立即被执行，无须事先构建静态图。
   

   
    （3）张量是一个多维数组，在TensorFlow 2.0中表现为tf.Tensor对象与NumPy ndarray对象类似，tf.Tensor对象具有数据类型和形状。在TensorFlow 2.0中，tf.Tensors可以保持在GPU中。TensorFlow提供了丰富的操作库（tf.add、tf.matmul、tf.linalg.inv等），灵活使用这些操作库可以方便地操作tf.Tensor对象，节省建模时间。
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    （4）代码的运行结果如下。
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    （5）在TensorFlow 2.0中的每个Tensor都有形状和类型，可以通过如下代码进行验证。
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    （6）代码的运行结果如下。
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    （7）在TensorFlow 2.0中，NumPy数组和tf.Tensors之间最明显的区别是：①张量可以由GPU（或TPU）支持；②张量不可变；③TensorFlow tf.Tensors和NumPy ndarray之间的转换很容易。使用下面的例子进行介绍。
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    （8）代码的运行结果如下。
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    说明：TensorFlow操作能够自动将NumPy ndarray转换为Tensors。
   

  

 
  
   
    
     3.2 GPU加速
    

   

   
    使用GPU可以加速许多TensorFlow操作。如果没有任何注释，TensorFlow会自动决定是使用GPU还是CPU进行操作。
   

   
    （1）张量可以在CPU和GPU内存之间进行复制，其代码如下。
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    （2）代码的运行结果如下。
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    说明：Tensor.device提供托管张量内容的设备的完全限定字符串名称。该名称编码了许多详细信息，是分布式执行TensorFlow程序所必需的。
   

   
    （3）在TensorFlow中，Placement指如何分配设备以执行各操作。如果没有明确指定，TensorFlow会自动决定执行操作的设备，并在需要时将张量复制到该设备。也可以使用tf.device上下文管理器将TensorFlow操作显式分配到特定设备上，代码如下。
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    （4）代码的运行结果如下。
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     3.3 数据集
    

   

   
    数据集是数据的集合，是机器学习的基础，本节使用tf.data.Dataset API构建管道，为模型提供数据。
   

   
    1．创建源数据集
   

   
    在使用数据集之前，需要先创建一个源数据集，使用工厂函数（如Dataset.from_tensors，Dataset.from_tensor_slices）或从TextLineDataset和TFRecordDataset等文件中读取的对象来创建源数据集，代码如下。
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    代码的运行结果如下。
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    打开返回的文件，如下。
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    2．转换函数
   

   
    将map、batch和shuffle等转换函数应用于数据集记录。这里以map和shuffle函数为例，代码如下。
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    代码的运行结果如下。
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    3．迭代
   

   
    迭代是处理数据集的常用方法，tf.data.Dataset对象支持迭代循环记录，示例代码如下。
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    代码的运行结果如下。
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    本节使用几个简单的例子对数据集进行了初步的介绍。在后面的章节中，会经常使用数据集。
   

  

 
  
   
    
     3.4 自定义层
    

   

   
    机器学习模型通常可以表示为简单网络层的堆叠与组合，TensorFlow提供了常见的网络层，TensorFlow 2.0推荐使用tf.keras来构建网络层，以提高可读性和易用性。
   

   
    3.4.1 网络层的常见操作
   

   
    TensorFlow 2.0推荐将tf.keras作为构建神经网络的高级API。本节对常见的网络层操作进行介绍。
   

   
    （1）构建一个简单的全连接网络，代码如下。
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    （2）代码的运行结果如下，包含权重和偏置信息。
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    （3）tf.keras非常灵活，还可以分别取出上例中的权重和偏置，代码如下。
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    （4）代码的运行结果如下。
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    3.4.2 自定义网络层
   

   
    在实际中，经常需要扩展tf.keras.Layer类并自定义网络层。本节介绍如何自定义网络层。
   

   
    （1）在自定义网络层的过程中主要使用3个函数，示例代码如下。
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    说明：调用build()函数构建网络并不是必要的，有时可以在__init__()中构建网络。但是，调用build()函数构建网络的优点是可以动态获取输入数据的shape，大大提高了运行效率。
   

   
    （2）上述代码的运行结果如下。
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    [image: ]
   

   
    3.4.3 网络层组合
   

   
    有很多机器学习模型是不同网络层的组合，网络层组合学习是加快学习速度和精度的重要方法。
   

   
    （1）使用下面的代码在TensorFlow 2.0中构建一个包含多个网络层的模型。
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    说明：该例子是resnet的一个残差块，是“卷积+批标准化+残差连接”的组合。
   

   
    （2）代码的运行结果如下。
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    （3）有时需要构建线性模型，可以直接用tf.keras.Sequential来构建，示例代码如下。
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    （4）代码的运行结果如下。
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    3.4.4 自动求导
   

   
    TensorFlow使用的求导方法被称为自动微分，它既不是符号求导也不是数值求导，而是两者的结合。
   

   
    （1）TensorFlow 2.0利用tf.GradientTape API来实现自动求导功能，在tf.GradientTape()上下文中执行的操作都会被记录在“tape”中，然后TensorFlow 2.0使用反向自动微分来计算相关操作的梯度，示例代码如下。
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    （2）代码的运行结果如下。
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    （3）输出中间变量的导数，代码如下。
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    （4）代码的运行结果如下。
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    （5）在默认情况下，GradientTape的资源会在执行tf.GradientTape()后释放。如果希望多次计算梯度，需要创建一个持久的GradientTape。代码如下。
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    （6）代码的运行结果如下。
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    （7）因为tape记录了整个操作，所以即使存在Python控制流（如if和while），也能正常处理梯度求导，示例代码如下。
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    （8）代码的运行结果如下。
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    （9）GradientTape上下文管理器在计算梯度时会保持梯度。因此，GradientTape也可以实现高阶梯度计算，示例代码如下。
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    （10）代码的运行结果如下。
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    本章介绍了一些TensorFlow 2.0的基本概念并举例进行了说明，后面在使用到这些概念时，会举例对具体的使用方法进行介绍。
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    多层感知器（MLP）是一种前馈人工神经网络模型，可以将输入的多个数据集映射到单一的输出数据集上。
   

   
    在前面的章节中已经介绍了如何使用TensorFlow 2.0构建单层的神经网络。但是仅使用单层的神经网络并不能保证模型的准确率，这时需要使用多层感知器构建模型以保证模型的准确率。
   

  

 
  
   
    
     4.1 MLP简介
    

   

   
    MLP是一种趋向结构的人工神经网络，映射一组输入向量到一组输出向量。可以将MLP看作由多个节点层组成的有向图，每一层全连接到下一层。通常使用反向传播算法的监督学习方法训练MLP。
   

  

 
  
   
    
     4.2 基础MLP网络
    

   

   
    本节使用回归分析和分类任务两个机器学习的典型应用场景对基础MLP网络进行介绍。
   

   
    4.2.1 回归分析
   

   
    回归分析是确定两种或两种以上变量相互依赖的定量关系的统计分析方法，本节使用TensorFlow 2.0对回归分析进行介绍。
   

   
    （1）导入数据集，代码如下。
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    （2）代码的运行结果如下。
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    （3）在导入数据正确的前提下，构建并配置回归分析模型，代码如下。
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    （4）代码的运行结果如下。
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    （5）结果显示模型输出正确。下面对回归分析模型进行训练，本例中的训练次数为50次，代码如下。
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    （6）代码的运行结果如下。
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    （7）对模型进行多次训练后，集中输出训练结果，代码如下。
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    （8）代码的运行结果如下。
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    4.2.2 分类任务
   

   
    分类任务通过训练一个特定的函数来判断输入数据所属的类别。分类任务在现实中的应用非常广泛，如图像鉴定、语音识别等。
   

   
    （1）导入数据集，代码如下。
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    （2）得到如下结果则说明导入数据正确。
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    （3）在导入数据正确的前提下，构建并配置分类任务模型，代码如下。
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    （4）对模型进行校验，结果如下。
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    （5）在模型输出正确的前提下，对回归分析模型进行训练，本例中的训练次数为10次，代码如下。
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    （6）代码的运行结果如下。
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    （7）对模型进行多次训练后，集中输出训练结果，代码如下。
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    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    本例使用breast_cancer的数据源进行了简单的图像分类演示，可以发现，随着训练次数的增加，损失率（loss）不断下降，而精确度（accuracy）不断上升。这就是机器学习进行多次训练的意义。
   

  

 
  
   
    
     4.3 基础模型
    

   

   
    本节构建一个基础模型，以与后面章节中的优化模型进行对比。
   

   
    （1）导入数据集，代码如下。
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    （2）代码的运行结果如下。
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    （3）在导入数据正确的前提下，构建并配置模型，代码如下。
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    （4）代码的运行结果如下。
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    （5）在模型输出正确的前提下，对回归分析模型进行训练，本例中的训练次数为100次，显示图像，代码如下。
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    （6）得到对比值曲线如图4-1所示。
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     图4-1 对比值曲线
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    本例构建了一个基础的数据分析模型，在后面的章节中会对相同的数据和模型进行优化并对比输出结果。
   

  

 
  
   
    
     4.4 权重初始化
    

   

   
    神经网络及深度学习模型训练的本质是对权重进行更新，本节使用TensorFlow 2.0对权重初始化进行介绍。
   

   
    （1）导入数据集，代码如下。
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    （2）代码的运行结果如下。
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    （3）在导入数据正确的前提下，构建并配置相应的模型，代码如下。
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    （4）代码的运行结果如下。
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    [image: ]
   

   
    （5）在模型输出正确的前提下，对回归分析模型进行训练，本例中的训练次数为100次，显示图像，代码如下。
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    （6）代码的运行结果如下，权重初始化的训练结果如图4-2所示。
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    本例采用了与基本数据集相同的数据集，权重为he_normal。通过对比两者的图像和输出结果可以看出，添加权重会对结果产生影响。选择合适的初始权重值对数据分析的结果和学习时间有很大影响。
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     图4-2 权重初始化的训练结果
    

   

   
    说明：he_normal是He正态分布初始化方法，参数由均值为0、标准差为sqrt（2/fan_in）的正态分布产生，其中fan_in为权重张量。
   

  

 
  
   
    
     4.5 激活函数
    

   

   
    激活函数在运行时，激活神经网络中的某部分神经元，并将激活神经元的信息输入到下一层神经网络中。神经网络之所以能处理非线性问题，是因为激活函数具有非线性表达能力。
   

   
    （1）本节以sigmoid为例进行讲解，构建以sigmoid为激活函数的模型，代码如下。
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    说明：sigmoid函数也称为logistic函数，用于隐层神经元输出，取值范围为（0，1），它可以将一个实数映射到（0，1）区间，可以进行二分类。
   

   
    （2）根据导入的数据和构建的模型，可以得到如下结果。
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    （3）训练100次后，显示图像，代码如下。
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    （4）运行代码，得到激活函数的训练结果如图4-3所示。
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     图4-3 激活函数的训练结果
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    本例采用了与基本数据集相同的数据集，定义sigmoid为激活函数。通过对比两者的图像和输出结果可以看出，指定激活函数对结果精确度的影响比较明显。说明sigmoid激活函数适合用于分析这个数据集。
   

  

 
  
   
    
     4.6 批标准化
    

   

   
    批标准化要解决的问题是：模型参数在学习阶段的变化会使每个隐藏层输出的分布发生变化。这意味着靠后的层要在训练过程中适应这些变化。批标准化是一种简单、高效的改善神经网络性能的方法。
   

   
    （1）构建批标准化模型，代码如下。
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    （2）根据导入的数据和构建的模型，可以得到如下结果。
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    （3）训练100次后，显示图像，代码如下。
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    （4）批标准化的训练结果如图4-4所示。
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     图4-4 批标准化的训练结果
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    本例采用了与基本数据集相同的数据集，并对每个层进行了批标准化。通过对比两者的图像和输出结果可以看出，在批标准化后，结果的精度和训练速度均有改善。
   

  

 
  
   
    
     4.7 dropout
    

   

   
    dropout（随机失活）是对具有深度结构的人工神经网络进行优化的方法，在学习过程中，通过将隐含层的部分权重或输出随机归零来降低节点间的依赖性、实现神经网络的正则化、降低其结构风险并实现优化目标。
   

   
    （1）构建批标准化模型，输出图像和结果，代码如下。
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    （2）代码的运行结果如下，dropout的训练结果如图4-5所示。
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    本例采用了与基本数据集相同的数据集，并令每个层的rate为0.2，以防止过拟合。其意义在于按比例1/（1-rate）对层进行缩放，以使它们在训练时间和推理时间内的总和不变。
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     图4-5 dropout的训练结果
    

   

  

 
  
   
    
     4.8 模型集成
    

   

   
    在数据规模较大的情况下，单个模型的效率和预测结果并不能令人满意。因此，TensorFlow 2.0提供了模型集成算法，可以将多个模型组合使用，能够得到更好的预测结果。
   

   
    （1）构建批标准化模型，代码如下。
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    说明：voting='soft'表示本例使用投票法的软投票方式构建模型，即输出类概率。与之对应的还有voting='hard'的硬投票方式，即输出类标签。
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    本例使用了accuracy_score，该函数会返回子集的准确率。如果一个样本必须严格匹配真实数据集中的label，则整个集合的预测标签返回1.0，否则返回0.0。
   

  

 
  
   
    
     4.9 优化器
    

   

   
    优化器是一种扩展类，包含用于训练特定模型的附加信息。优化器使用给定的参数进行初始化，用于提高训练特定模型的速度和性能。根据实际情况选择相应的优化器是一种必要的优化手段。
   

   
    （1）使用SGD优化器对模型进行优化，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：SGD优化器一般用来验证模型的收敛性，能够根据收敛速度调整学习速率，以使性能达到最优。
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）训练100次后，显示图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下，优化器的训练结果如图4-6所示。
   

   
    [image: ]
   

   
    [image: ]
    
     图4-6 优化器的训练结果
    

   

   
    可以看出，在应用了优化器后，整体的训练结果得到优化。在实际的运行过程中，可以发现执行时间明显得到优化。
   

   
    本章介绍了MLP网络的基础知识，对前面章节中介绍的知识进行了简单的整理，能够加深读者对基础知识的认识。
   

  

 
  
   
    
     | 第5章 |
    

    
     
      TensorFlow与卷积神经网络
     

    

    
     [image: ]
    

   

  

  
   
    卷积神经网络（Convolutional Neural Network，CNN）是一类包含卷积计算且具有深度结构的前馈神经网络（Feedforward Neural Network），是深度学习（Deep Learning）的代表算法之一。
   

  

 
  
   
    
     5.1 基础卷积神经网络
    

   

   
    卷积神经网络结构包括卷积层、降采样层、全连接层。本章通过几个例子简述基础CNN网络的构建。
   

   
    在介绍基础CNN网络之前，需要构造数据集，这里采用经典的MNIST数据集。MNIST数据集来自美国国家标准与技术研究所（National Institute of Standards and Technology，NIST）。训练集和测试集均由250个人手写的数字构成，其中50%的人是高中生，其余50%的人是来自美国人口普查局的工作人员。
   

   
    （1）本例使用MNIST数据集构造数据集，代码如下。
   

   
    [image: ]
   

   
    （2）运行程序，验证数据集的构造情况，结果如下。
   

   
    [image: ]
   

   
    （3）打印数据集中的图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）运行代码，得到MNIST数据集图像示例如图5-1所示。
   

   
    [image: ]
    
     图5-1 MNIST数据集图像示例
    

   

  

 
  
   
    
     5.2 卷积层的概念及示例
    

   

   
    每个卷积层（Convolutional Layer）中都存在多个卷积单元，这些卷积单元的优化依赖反向传播算法。其目的是通过迭代输入提取更复杂的特征。
   

   
    （1）本节使用构造的数据集构建卷积层，具体代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    本例构建了一个简单的卷积层，并输出了相应的层信息，卷积层是训练模型的基础。
   

  

 
  
   
    
     5.3 池化层的概念及示例
    

   

   
    池化（Pooling）是卷积神经网络中的重要概念，它通过降采样降低输入特征的维度。
   

   
    （1）在卷积层示例的基础上添加池化层，具体代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：本例采用常用的池化方式，即每隔2个元素从图像中划分出2×2的区块，然后取每个区块中的4个数的最大值。
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    从结果中可以看出，已经添加了池化层。
   

  

 
  
   
    
     5.4 全连接层的概念及示例
    

   

   
    全连接层（Fully Connected Layers，FC）对卷积层和池化层学习到的特征进行分类，然后将这些特征映射到特定的样本标记空间。
   

   
    （1）在池化层示例的基础上添加全连接层，具体代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    本节构建了全连接层，并使用了默认的参数执行代码。在结果中显示了全连接层的情况。
   

  

 
  
   
    
     5.5 模型的概念、配置及训练
    

   

   
    模型的本质是函数，具有函数的特性，即对输入的数据进行变换后，输出相应的数据。一个问题可以构建出多个模型，选择“合适”的模型是机器学习的重点。
   

   
    （1）本节使用5.4节构建的添加全连接层的例子进行介绍，具体代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （3）在多次训练后显示图像，训练结果如图5-2所示。
   

   
    [image: ]
   

   
    [image: ]
    
     图5-2 训练结果
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     [image: ]
    

   

  

  
   
    自编码器将输入信息作为学习目标，并对其进行表征学习。
   

  

 
  
   
    
     6.1 自编码器简介
    

   

   
    自编码器包含编码器和解码器。编码器提供按规则编码的功能，解码器将编码器的输出扩展为与编码器输入具有相同维度的输出。在这个过程中，自编码器通过数据重组进行机器学习。
   

   
    （1）本节使用MNIST数据集对自编码器进行介绍，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）构建一个简单的自编码器，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）编码后需要进行解码操作，训练10次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）对训练模型的结果进行验证，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）自编码器的运行结果如图6-1所示。
   

   
    [image: ]
    
     图6-1 自编码器的运行结果
    

   

  

 
  
   
    
     6.2 卷积自编码器
    

   

   
    与基础自编码器不同，卷积自编码器用卷积层代替了全连接层，目的是降低输入特征的维度，使速度更快、准确率更高。
   

   
    （1）本节使用MNIST数据集对卷积自编码器进行介绍，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）验证数据，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）构建模型并训练，代码如下。
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）对模型进行训练并测试，显示图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）卷积自编码器的运行结果如图6-2所示。
   

   
    [image: ]
    
     图6-2 卷积自编码器的运行结果
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     [image: ]
    

   

  

  
   
    与TensorFlow 1.x版本相比，TensorFlow 2.0做了较大的更改，使用大量Keras作为默认高级API，大大降低了TensorFlow的使用难度。本章对这些API进行简单的介绍。
   

  

 
  
   
    
     7.1 Keras基础
    

   

   
    Keras是一个由Python编写的开源人工神经网络库，可以作为TensorFlow、CNTK和Theano的高阶应用程序接口，实现深度学习模型的设计、调试、评估、应用和可视化。
   

   
    Keras有3个优点：方便用户使用、模块化和可组合、易于扩展。TensorFlow 2.0推荐使用Keras构建网络，常见的神经网络都包含在keras.layer中。
   

   
    （1）本例使用如下代码进行测试。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    7.1.1 构造数据
   

   
    所有机器学习都以数据为基础，本节介绍如何使用Keras构造数据。
   

   
    （1）Keras构造数据的基础函数是tf.data，本例使用tf.data构造数据，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    7.1.2 样本权重和类权重
   

   
    样本权重数组用于指定批处理中每个样本在计算损失率时应具有的权重值，通常用于处理不平衡的分类问题。当使用的权重是1和0时，该数组可以作为损失函数的掩码。
   

   
    类权重更加具体，它将类索引映射到应该用于属于该类的样本的样本权重。
   

   
    （1）本节对样本权重和类权重进行介绍，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    7.1.3 回调
   

   
    Keras中的回调是在训练期间（epoch开始时、batch结束时、epoch结束时等）不同点处调用的对象。
   

   
    （1）本节对回调进行介绍，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：tensorboard是TensorFlow自带的可视化学习组件。
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （3）当常用的回调方法不能满足实际使用需求的情况下，可以按照实际情况自定义回调方法，示例代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    本节介绍了回调，在实际的模型构建过程中，可以通过回调对程序进行调整，如可以在回调中规定，在训练准确率达到某一标准时停止并发送邮件进行通知。
   

  

 
  
   
    
     7.2 函数式API
    

   

   
    使用Keras函数式API可以构建很多复杂的模型，如在实际中需要的多输出模型就可以用Keras函数式API构建。
   

   
    7.2.1 构建简单的网络
   

   
    使用函数式API构建的模型层可以使用tf.keras.Model实例来调用并返回张量。本节使用下面的例子进行介绍。
   

   
    （1）构建一个比较简单的网络模型，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （3）对模型进行训练、验证和测试，代码如下。
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    7.2.2 构建多个模型
   

   
    在实际生产过程中，有时需要抽离出一个或多个图层单独构建模型，在函数API中，该操作十分便捷。
   

   
    （1）构建模型，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    根据第6章中对自编码器的理解对结果进行分析，可以发现这里通过单一图层构建了多个模型。
   

   
    （3）函数API可以把整个模型当作一层网络来使用，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    7.2.3 两种典型的复杂网络
   

   
    在实际生产过程中，仅靠简单的模型无法支撑数据识别和分析工作，本节介绍两种在实际中会使用到的复杂网络。
   

   
    （1）构建一个多输入与多输出的网络，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （3）构建一个小型残差网络，残差网络的特点是容易优化，且能够通过增加深度来提高准确率。其内部的残差块使用跳跃连接，解决了在深度神经网络中增加深度带来的梯度消失问题。其代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

  

 
  
   
    
     7.3 使用Keras自定义网络层和模型
    

   

   
    Keras提供了丰富的API，可以协助构建多样的网络和模型，本节介绍如何使用Keras自定义网络层和模型。
   

   
    7.3.1 构建简单网络
   

   
    本节根据简单网络的构建及参数的调整介绍如何使用Keras构建网络，使读者对使用Keras构建网络有初步的认识。
   

   
    （1）构建一个简单的网络，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）可以发现，图层会自动跟踪权重w和b，下面使用add_weight构建权重网络，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）在训练过程中，也可以将网络设置为不可训练的权重网络，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）在实际的机器学习过程中，有时会出现不知道网络维度的情况，下面对这种情况进行演示。通过重写build()函数，用已获得的shape构建相应的网络，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    7.3.2 构建自定义模型
   

   
    在实际生产过程中，通常使用Layer类定义内部计算块，使用Model类定义外部模型，即要训练的对象。本节介绍如何构建一个自定义模型。
   

   
    （1）先构建一个变分自编码器（VAE），代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （3）重新编写训练方法，并替换默认的训练方法，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

  

 
  
   
    
     7.4 Keras训练模型
    

   

   
    在构建完网络和模型后，需要对加载数据的模型进行训练，在训练的过程中需要不断调整各种参数，本节对Keras训练模型进行介绍。
   

   
    7.4.1 常见模型的训练流程
   

   
    本节对常见模型的训练流程进行介绍。
   

   
    （1）构建和训练模型的代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    7.4.2 自定义指标
   

   
    可以通过自定义损失率等指标对基础模型进行优化，本节对自定义损失率等指标的方法进行介绍。
   

   
    （1）自定义指标只需继承metric类，并重写初始化函数_init_（self），本例采用定义网络层的方式添加网络loss，示例代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）采用定义网络层的方式添加要统计的metric，示例代码如下。
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （5）TensorFlow对参数的调整十分灵活。可以在模型上进行参数调整，也可以通过定义网络层的方式添加要统计的metric，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）对于某些大型数据集来说，需要划分验证数据。在这种情况下，可以使用validation_split，令validation_split为0.3，示例代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：validation_split用于不提供验证集的情况，能够按一定比例从训练集中取出一部分并将其作为验证集，本例中该比例为30%。
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    7.4.3 自定义训练和验证循环
   

   
    可以通过自定义训练和验证循环对基础模型进行优化。
   

   
    （1）构造训练和循环，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）自定义训练和验证循环，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）可以在模型中添加自定义的loss，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

  

 
  
   
    
     7.5 Keras模型的保存
    

   

   
    因为深度学习模型的训练时长可能为数小时、数天甚至数周，所以有必要在训练的过程中对模型进行保存，本节介绍如何将Keras模型保存到文件中并再次加载。
   

   
    （1）构建一个简单的网络模型，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （3）可以保存整个模型，保存的内容包括模型的架构、模型的权重、模型的训练配置、优化器及其状态。保存上面构建的简单网络，读取后进行验证，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：NumPy是Python的扩展库，提供了大量基于数组的计算函数。
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    输出结果没有抛出异常，在保存和读取模型的过程中，没有出现预测结果不一致的情况。在相应的目录下会生成指定文件名的文件，本例中生成的文件是the_save_model.h5。
   

   
    （5）可以将模型保存为SavedModel文件，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    输出结果没有抛出异常，在保存和读取模型的过程中，没有出现预测结果不一致的情况。在相应的目录下会生成指定文件名的文件，本例中生成的文件是save_model。
   

   
    （7）在实际项目中，可以仅保存网络结构。在这种情况下，导出的模型中不包含训练好的参数，代码如下。
   

   
    [image: ]
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    （9）在实际项目中，也可以使用json保存网络结构，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （10）代码的运行结果如下。
   

   
    [image: ]
   

   
    （11）在实际项目中，也可以仅保存网络参数，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （12）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    没有报出异常，说明相关模型的保存和提取没有问题。
   

   
    （13）在实际项目中，常常需要保存子类模型的参数，无法保存和序列化子类模型的结构，只能保存参数。构建模型并训练，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （14）代码的运行结果如下。
   

   
    [image: ]
   

   
    （15）为了恢复模型并进行训练或评估，可以设置相应的检查点文件，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （16）代码的运行结果如下。
   

   
    [image: ]
   

   
    （17）在实际项目中，需要按照一定规则生成检查点文件，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （18）代码的运行结果如下，可以看出，每训练5次生成一个检查点文件。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （19）载入最新的检查点文件，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （20）代码的运行结果如下。
   

   
    [image: ]
   

   
    本例中提取最新的检查点进行了训练，并记录检查点。使用这种方法可以对训练时间较长的模型进行阶段性保存，使结果更加准确。
   

   
    Keras是一个非常方便的深度学习框架。使用Keras可以快速搭建深度学习网络、灵活地选取训练参数、降低机器学习编码的使用难度。
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    从本章开始，将通过介绍实际的例子对前面学习的知识进行阶段性回顾。本章对文本分类进行介绍。
   

  

 
  
   
    
     8.1 简单文本分类
    

   

   
    文本分类一直是统计学中的重要课题，应用机器学习技术能够提高文本分类的速度和准确率。本节对TensorFlow 2.0在文本分类领域的应用进行初步探讨。
   

   
    （1）下载IMDB数据集并了解其特征，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）在保证数据导入结果正确的情况下，文本分类需要创建ID和词的匹配字典，代码如下。
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）准备需要分类的数据，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （7）构建文本分类模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    （9）对成功构建的模型进行训练，并对结果进行验证，本例中的训练次数为40次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （10）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （11）显示预测结果的损失率，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （12）运行代码，得到预测结果的损失率如图8-1所示。
   

   
    [image: ]
    
     图8-1 预测结果的损失率
    

   

   
    （13）显示模型训练的精确度，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （14）运行代码，得到模型训练的精确度如图8-2所示。
   

   
    [image: ]
    
     图8-2 模型训练的精确度
    

   

  

 
  
   
    
     8.2 卷积文本分类
    

   

   
    本节探讨如何使用卷积神经网络对文本进行分类，这种方式在实际过程中大量应用于处理情感分类等任务。
   

   
    （1）导入数据并测试，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）在数据结果显示正确的前提下，对数据进行序列预处理，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：使用pad_sequences填充序列化数据，并形成一个长度相同的新序列。
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）构造基本句子分类器，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）对模型进行训练，本例中训练5次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    （9）显示图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （10）运行代码，得到卷积文本分类的训练结果如图8-3所示。
   

   
    [image: ]
    
     图8-3 卷积文本分类的训练结果
    

   

   
    （11）在得到结果后，使用多核卷积网络对文本进行分类，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （12）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （13）对模型进行训练，本例中训练5次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （14）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （15）显示图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （16）运行代码，得到使用多核卷积网络进行文本分类的训练结果如图8-4所示。
   

   
    [image: ]
    
     图8-4 使用多核卷积网络进行文本分类的训练结果
    

   

   
    可以看出，使用多核卷积网络进行文本分类的训练结果有明显变化。在调优的过程中可以考虑用这种方法提高精确度。
   

  

 
  
   
    
     8.3 RNN文本分类
    

   

   
    循环神经网络（RNN）模型非常流行，在自然语言处理（NLP）的很多任务中得到了应用。基于RNN的语言模型主要有两个方面的应用。
   

   
    第一，根据实际情况评估语法和语义的精确度，大量应用于机器翻译系统中。
   

   
    第二，构建类似风格的语言模型，生成对应风格的新语言，比较典型的应用是根据著名模型的风格生成新的模型。
   

   
    本节使用RNN进行文本分类，步骤如下。
   

   
    （1）使用tensorflow_datasets构造输入数据集，并划分训练集和测试集，在获取tokenizer对象后，进行字符处理及ID转换，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）对tokenizer对象进行测试，代码如下。
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）解析出每个对象，代码如下。
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）在数据正确的前提下，构建模型并对其进行训练，本例中训练2次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：因为此处的句子长度会逐渐增加，所以只能使用序列模型，不能使用Keras的函数API。
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    （9）查看训练过程，显示精确度，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （10）运行代码，得到训练过程与精确度的关系如图8-5所示。
   

   
    [image: ]
    
     图8-5 训练过程与精确度的关系
    

   

   
    （11）查看训练过程，显示损失率，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （12）运行代码，得到训练过程与损失率的关系如图8-6所示。
   

   
    [image: ]
    
     图8-6 训练过程与损失率的关系
    

   

   
    （13）因为前面构建的模型没有mask掉序列的padding，所以与没有padding的情况相比，在有padding的情况下进行训练可能会出现偏差。下面对这两种情况进行对比，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （14）代码的运行结果如下。
   

   
    [image: ]
   

   
    比较有padding和没有padding的情况，可以看出预测的结果会受padding的影响。
   

   
    本章通过几个例子对文本分类的机器学习过程进行了介绍，希望读者能够对本章的内容和前面学习过的内容进行总结。
   

   
    文本分类是机器学习中最重要的部分之一，本章通过简单的例子说明了如何使用TensorFlow 2.0构建一个简单的文本分类系统。在实际使用中，应该根据实际情况构建模型和选择参数，以达到更好的效果。
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    图像处理是机器学习的重要应用，本书以TensorFlow 2.0为主，使用两个例子来介绍图像处理。
   

  

 
  
   
    
     9.1 图像分类
    

   

   
    本节使用Fashion MNIST数据集，该数据集包含10个类别中的70000个灰度图像。图像显示了低分辨率（28×28像素）的单件服装，通常作为计算机视觉机器学习的基础数据集。
   

   
    （1）导入Fashion MNIST数据集，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （3）运行代码，得到数据集中的示例图像如图9-1所示。
   

   
    [image: ]
    
     图9-1 数据集中的示例图像
    

   

   
    在Fashion MNIST数据集中，所有图像都是28×28 NumPy数组，像素为0～255。其标签是一个整数数组，范围为0～9。这些数组与图像所代表的服装类别相对应，类别标签对应表如表9-1所示。
   

   
    
     表9-1 类别标签对应表
    

    [image: ]
   

   
    在Fashion MNIST数据集中，每个图像都映射到一类标签。由于类名不包含在数据集中，所以在使用过程中需要建立对应关系以便在绘制图像时使用，本例中进行如下定义。
   

   
    [image: ]
   

   
    （4）在处理数据集之前，一般会对数据进行探索，在这个过程中主要关注数据格式。在本例中使用如下代码进行数据探索。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （5）运行代码后，结果显示训练集中有60000个图像，每个图像的像素为28×28。
   

   
    [image: ]
   

   
    （6）在构建模型和进行训练之前，需要对数据集进行处理，以保证模型的准确性及训练的精准度。
   

   
    [image: ]
   

   
    （7）运行代码，得到全数据格式的示例图像如图9-2所示。
   

   
    （8）将图像和分类对应并显示图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
    
     图9-2 全数据格式的示例图像
    

   

   
    （9）运行代码，得到图像和分类的对应图如图9-3所示。
   

   
    [image: ]
    
     图9-3 图像和分类的对应图
    

   

   
    （10）至此，完成了对Fashion MNIST数据集的简单处理，下面构造相应的网络对其进行分析，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （11）代码的运行结果如下。
   

   
    [image: ]
   

   
    （12）对构造的网络进行训练和验证，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （13）代码的运行结果如下。
   

   
    [image: ]
   

   
    （14）在进行了多次训练后，模型的准确率得到了保证，可以使用模型对数据进行验证。选取一个图像进行验证，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （15）运行代码，得到预测结果如图9-4所示，可以看出，已经使用训练模型对图像进行了分类，本例中对验证图像的分类预测准确率为84%。
   

   
    [image: ]
    
     图9-4 预测结果
    

   

   
    （16）取多个图像进行批量验证，本例中取15个图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （17）运行代码，得到多个图像的预测结果如图9-5所示，从图中可以看出，模型对某些类别的识别准确率不高，可以通过增加训练次数来提高识别的准确率。
   

   
    [image: ]
    
     图9-5 多个图像的预测结果
    

   

  

 
  
   
    
     9.2 图像识别
    

   

   
    图像识别是机器学习的重要应用之一，其本质依然是使用大量的数据训练模型，以模拟人类神经的分辨能力并识别图像。
   

   
    本节使用卷积神经网络对MNIST手写数字集进行识别。
   

   
    （1）使用Keras.layers提供的Conv2D（卷积）与MaxPooling2D（池化）函数构建一个基于卷积神经网络的模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）运行代码，得到相应的网络结构，结果如下。
   

   
    [image: ]
   

   
    从结果中可以看出，每个Conv2D和MaxPooling2D层的输出都是三维的张量（height，width，channel）。height和width会逐渐变小。输出的channel的个数由第1个参数height（如32或64）控制。随着height和width变小，channel可能变大。
   

   
    （3）模型构建完成后，需要构造数据集，并在训练后输出相应的训练结果，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    在第一轮训练后，准确率达到了0.9540，训练5次后使用测试集进行验证，准确率达到0.9913。在第5轮训练后，成功将模型参数保存在./ckpt/cp-0005.ckpt中。
   

   
    （5）多次训练保证了模型训练的准确性，使用保存的模型进行图像识别，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）本例使用图9-6、图9-7和图9-8进行图像识别。
   

   
    [image: ]
    
     图9-6 test_0
    

   

   
    [image: ]
    
     图9-7 test_1
    

   

   
    [image: ]
    
     图9-8 test_4
    

   

   
    （7）代码的运行结果如下。
   

   
    [image: ]
   

   
    从结果可以看出，经过机器学习，模型具备了基本的图像识别功能，并准确识别了示例图像。
   

  

 
  
   
    
     9.3 生成对抗网络
    

   

   
    生成对抗网络（Generative Adversarial Network，GAN）是一类功能强大、应用广泛的神经网络。由两个神经网络组成：生成器和判别器，这两个网络相互制约。通过这种制约，能够学习几乎所有类型的数据分布。生成对抗网络的流程图如图9-9所示。
   

   
    [image: ]
    
     图9-9 生成对抗网络的流程图
    

   

   
    在了解生成对抗网络的基本概念后，介绍如何使用生成对抗网络生成图像样本。
   

   
    （1）设定参数并导入数据集，代码如下。
   

   
    [image: ]
   

   
    （2）运行代码，得到测试数据集图像如图9-10所示。
   

   
    [image: ]
    
     图9-10 测试数据集图像
    

   

   
    （3）构建一个生成器，本例使用Keras中的序列模型构建简单的卷积网络模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）运行代码，得到生成器的验证结果如图9-11所示。
   

   
    [image: ]
    
     图9-11 生成器的验证结果
    

   

   
    （5）构建一个判别器并测试，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）定义损失函数及优化器，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）分别定义生成器和判别器的损失函数，判别器的损失项包含两部分：对生成图像的判别和对真实图像的判别，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （9）训练模型并显示图像，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：tf.function装饰器可以将代码转换为TensorFlow 2.0的图。
   

   
    （10）运行代码，得到对抗网络的示例如图9-12所示。
   

   
    本章对生成对抗网络进行了简单的介绍，建议在练习时使用多个GPU计算并运行代码，结果用GIF图像显示。
   

   
    [image: ]
    
     图9-12 对抗网络的示例
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    本章使用决策树和tf.estimator API训练Boosted Trees模型。Boosted Trees模型是回归分析和分类任务中最受欢迎且最有效的机器学习方法之一，是一种集合技术。
   

  

 
  
   
    
     10.1 Boosted Trees简介
    

   

   
    Boosted Trees不断根据特定的特征添加分支，形成类似树状的数据结构，再形成一个多分支的树状结构模型，并将最终的分支节点作为评分标准来进行评分。将所有的分支节点相加即可得到预测值。
   

  

 
  
   
    
     10.2 数据预测
    

   

   
    Boosted Trees模型可以通过微调超参来提升性能，本节以泰坦尼克数据集为例进行分析。
   

   
    （1）加载泰坦尼克数据集，代码如下。
   

   
    [image: ]
   

   
    说明：train.csv为训练集，用于构建与生存相关的模型；test.csv为测试集，用于验证模型。
   

   
    （2）查看前5行数据，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    说明：pandas是一种基于NumPy的工具，大量应用于操作大型数据集。
   

   
    （3）代码的运行结果如下。
   

   
    [image: ]
   

   
    （4）查看后5行数据，代码如下。
   

   
    [image: ]
   

   
    （5）代码的运行结果如下。
   

   
    [image: ]
   

   
    （6）可以发现共有627行数据，数据字段对应表如表10-1所示。
   

   
    
     表10-1 数据字段对应表
    

    [image: ]
   

   
    （7）在确定相应字段的情况下，查看数据表的整体信息，代码如下。
   

   
    [image: ]
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    从结果中可以看出，数据维度为627行×12列，数据类型有2个64位的浮点型数据、3个64位的整形数据、5个Python对象数据。
   

   
    （9）对数据集进行描述性统计，代码如下。
   

   
    [image: ]
   

   
    （10）代码的运行结果如下。
   

   
    [image: ]
   

   
    可以看出，除了Python对象，其他数据类型均参与了计算。只有38.7560%的人幸存，死亡率很高。
   

   
    （11）在了解每个特征的大致信息的情况下，对特征进行分析，下面是显示年龄分布的代码。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （12）运行代码，得到乘客的年龄分布如图10-1所示。
   

   
    由图10-1可知，20～30岁的乘客居多。
   

   
    [image: ]
    
     图10-1 乘客的年龄分布
    

   

   
    （13）显示性别分布，代码如下。
   

   
    [image: ]
   

   
    （14）运行代码，得到乘客的性别分布如图10-2所示。
   

   
    由图10-2可知，男性乘客的数量几乎是女性乘客数量的两倍。
   

   
    [image: ]
    
     图10-2 乘客的性别分布
    

   

   
    （15）显示船舱等级分布，这个参数间接体现了乘客的经济实力，代码如下。
   

   
    [image: ]
   

   
    （16）运行代码，得到船舱等级分布如图10-3所示。
   

   
    由图10-3可知，三等舱乘客占比较高。
   

   
    （17）显示上船地点分布，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
    
     图10-3 船舱等级分布
    

   

   
    （18）运行代码，得到上船地点分布如图10-4所示。
   

   
    [image: ]
    
     图10-4 上船地点分布
    

   

   
    由图10-4可知，大部分乘客从南安普敦上船。
   

   
    （19）对相关的特征和存活率进行关联计算，显示性别和存活率的关系。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （20）运行代码，得到性别和存活率的关系如图10-5所示。
   

   
    [image: ]
    
     图10-5 性别和存活率的关系
    

   

   
    由图10-5可知，女性的存活率较高，几乎为男性的5倍。
   

   
    （21）对年龄进行分段，统计不同年龄的乘客的存活率，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （22）运行代码，得到年龄和存活率的关系如图10-6所示。
   

   
    [image: ]
    
     图10-6 年龄和存活率的关系
    

   

   
    由图10-6可知，10岁以下的儿童和80岁以上的老人得到的生存机会较多。
   

   
    （23）对典型数据进行单独分析和联合分析后，需要对数据进行预处理，本例中采用常见的one-hot编码进行处理并使用线性分类器，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （24）代码的运行结果如下。
   

   
    [image: ]
   

   
    说明：One-Hot编码，又称为一位有效编码，可以将分类值映射到整数值并以二进制形式表示。
   

   
    （25）引入Boosted Trees模型进行训练，使用BoostedTreesClassifier预测类的目标，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （26）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    可以发现，在使用了Boosted Trees模型后，精确度提高。
   

   
    （27）使用直方图对以上2种方法进行对比，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （28）运行代码，得到两种方法的对比如图10-7所示。
   

   
    [image: ]
    
     图10-7 两种方法的对比
    

   

   
    （29）由于这里采用的是简单的数据集，所以用直方图可以显示清楚，但是随着分类算法复杂度的增加，一般要用接受者操作特性（Receiver Operating Characteristic）曲线来表示，简称ROC曲线。一般来说，一个分类器有4种分类情况，如表10-2所示。
   

   
    
     表10-2 分类情况
    

    [image: ]
   

   
    （30）ROC曲线越接近图的左上角，表示与真阳性的极限值越接近，说明分类器的性能越好。绘制ROC曲线的代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （31）运行代码，得到ROC曲线的对比如图10-8所示。
   

   
    [image: ]
    
     图10-8 ROC曲线的对比
    

   

   
    从ROC曲线能够更直观地看出使用Boosted Trees的优势，即整体性能有很大的提高。决策树是数据挖掘和机器学习中常用的算法，灵活使用决策树能够提高学习的速度和精度。
   

  

 
  
   
    
     | 第11章 |
    

    
     
      TensorFlow过拟合和欠拟合
     

    

    
     [image: ]
    

   

  

  
   
    过拟合（Overfitting）和欠拟合（Underfitting）是两种造成模型失真的常见情况，数据的大小及数据之间的关系“数据化”都有可能导致出现这两种情况。
   

  

 
  
   
    
     11.1 过拟合和欠拟合的基本概念
    

   

   
    过拟合：一个模型的学习能力“太强”，将使数据中的特点被模型过度捕获，导致模型的泛化能力下降。
   

   
    欠拟合：数据集比较复杂，使模型的学习能力不足，不能总结出规律，导致模型的泛化能力弱。
   

   
    以上两种会影响模型预测结果的情况的产生原因如下。
   

   
    欠拟合：
   

   
    （1）模型复杂度过低。
   

   
    （2）特征量过少。
   

   
    过拟合：
   

   
    （1）建模样本选取有误。
   

   
    （2）样本噪声干扰过大，导致机器将部分噪声误认为特征，扰乱了预设的分类规则。
   

   
    （3）假设的模型无法合理存在或假设成立的条件实际并不成立。
   

   
    （4）参数过多，模型复杂度过高。
   

  

 
  
   
    
     11.2 过拟合和欠拟合
    

   

   
    通过11.1节，读者应该已经对过拟合和欠拟合有了相应的了解，本节从实际例子出发，对过拟合和欠拟合的产生原因进行分析。本例将在电影评论分类网络上使用Dense图层作为基准来创建一个简单模型，并创建更小和更大的版本进行比较。
   

   
    （1）准备并观察数据，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）运行代码，得到训练集的第一个数据如图11-1所示。
   

   
    [image: ]
    
     图11-1 训练集的第一个数据
    

   

   
    （3）构建一个基准模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （5）对模型进行训练，本例中训练20次，代码如下。
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）使用相同的数据集构建一个小模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）代码的运行结果如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （9）对模型进行训练，本例中训练20次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （10）代码的运行结果如下。
   

   
    [image: ]
   

   
    （11）使用相同的数据集构建一个大模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （12）代码的运行结果如下。
   

   
    [image: ]
   

   
    （13）对模型进行训练，本例中训练20次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （14）代码的运行结果如下。
   

   
    [image: ]
   

   
    （15）对3个模型进行比较，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （16）运行代码，得到3个模型的对比如图11-2所示。
   

   
    由图11-2可知，在某时刻，大模型迅速开始过拟合，且过拟合严重。网络容量越大，就能够越快地对训练数据进行建模，但也越有可能出现过拟合。
   

   
    [image: ]
    
     图11-2 3个模型的对比
    

   

  

 
  
   
    
     11.3 优化方法
    

   

   
    从11.2节可以看出，在没有优化模型的情况下，过拟合和欠拟合都会影响深度学习的预测结果，本节对如何优化模型进行探索。
   

   
    11.3.1 dropout优化方案
   

   
    随机失活（dropout）是对具有深度结构的人工神经网络进行优化的方法。在学习过程中，其通过随机删除隐藏层的部分权重或输出来降低节点的相互依赖性，从而实现神经网络的正则化，降低其结构风险。
   

   
    （1）构建dropout模型，并与11.2节的3个模型进行对比，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）4个模型的对比如图11-3所示。
   

   
    [image: ]
    
     图11-3 4个模型的对比
    

   

   
    从图11-3中可以看出，与前3个模型相比，dropout模型的优化效果更好。
   

   
    11.3.2 L2正则化优化
   

   
    在深度学习中，一般会在损失函数后面添加一个额外项（常用的是L1-norm和L2-norm，即L1范数和L2范数）。添加这个额外项的目的是对损失函数进行惩罚，以调整复杂的模型。
   

   
    在正则化中，L2范数用于解决过拟合问题，可以避免模型过于复杂导致的过拟合问题。
   

   
    （1）构造L2正则化模型，并与11.3.1节中的4个模型进行对比，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）运行代码，得到L2正则化模型的详情如下。
   

   
    [image: ]
   

   
    （3）5个模型的对比如图11-4所示。
   

   
    [image: ]
    
     图11-4 5个模型的对比
    

   

   
    从图11-4中可以看出，L2正则化模型和dropout模型的优化效果较好。要根据不同场景的实际情况选择不同的优化方案。防止神经网络过拟合的常用方法有获取更多训练数据、减少网络容量、进行dropout优化和正则化优化等。
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    在前面的章节中，已经使用TensorFlow进行了结构化操作。在实际构造机器学习模型之前，一般都会进行结构化操作。本章重点介绍如何结构化数据。
   

   
    本章使用克利夫兰临床基金会提供的一个小数据集，其CSV中有几百行，每行描述一个患者，每列描述一个属性。可以使用此信息来预测患者是否患有心脏病，属于二元分类任务。
   

   
    （1）准备数据集并对其进行验证，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）划分训练集和测试集，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）构建pipeline，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

  

 
  
   
    
     12.1 数字列
    

   

   
    特征列的输出是模型的输入。数字列是最简单的列，它用于表示真正有价值的特征。在使用此列时，模型将从数据框中接收未更改的列值。
   

   
    （1）本节使用下面的代码对数字列进行介绍。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

  

 
  
   
    
     12.2 bucketized列
    

   

   
    在希望将数字直接输入模型的情况下，需要根据数值范围将数字的值分成不同的类别。这时可以使用bucketized列将年龄分成几个桶。
   

   
    （1）本节使用下面的代码对bucketized列进行介绍。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

  

 
  
   
    
     12.3 类别列
    

   

   
    在数据集中，thal表示字符串，需要直接将字符串提供给模型。在这种情况下，必须先将数据映射到数值。类别列提供了一种将字符串表示为单热矢量的方法。
   

   
    （1）本节使用下面的代码对类别列进行介绍。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

  

 
  
   
    
     12.4 嵌入列
    

   

   
    嵌入列将数据表示为低维密集向量。其中，每个单元格可以包含任意数字，而不仅是0或1。嵌入列数据可以在多类别的情况下训练神经网络。
   

   
    （1）本节使用下面的代码对嵌入列进行介绍。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    从结果可以看出，当分类列具有许多可能的值时，最好使用嵌入列对数据进行处理。
   

  

 
  
   
    
     12.5 哈希特征列
    

   

   
    可以使用categorical_column_with_hash_bucket表示具有大量值的分类列。哈希特征列计算输入的哈希值，并选择hash_bucket_size存储桶来编码字符串。它可以在不依赖词汇表的情况下减小实际类别的数量。
   

   
    （1）本节使用下面的代码对哈希特征列进行介绍。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    说明：该方法的缺点是数据之间可能会存在冲突，不同的字符串可能被映射到同一个桶上。因此，在使用的过程中需要对数据进行校验。
   

  

 
  
   
    
     12.6 交叉功能列
    

   

   
    交叉功能列使模型能够为每个特征组合学习权重。本例使用age_buckets和thal进行验证。
   

   
    （1）本节使用下面的代码对交叉功能列进行介绍。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    说明：crossed_column不会构建所有可能组合的完整表（可能非常大）。在hashed_column的支持下，这类表的大小是可供选择的。
   

  

 
  
   
    
     12.7 结构化数据的使用
    

   

   
    本节对前面几节中介绍的结构化数据示例进行总结并举例进行说明，以加深读者对结构化数据的理解。
   

   
    （1）对示例数据集进行结构化处理，并构建相应的模型进行训练，本例的训练次数为5次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）训练结束后对模型进行评估并输出结果，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    本节的示例对本章介绍的结构化数据进行了综合介绍，希望能够加深读者对TensorFlow 2.0结构化数据的理解。
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    回归是在建模过程中通过不断迭代数据来发现规律，并根据该规律对新数据进行预测的一种方法。在实际项目中，回归是一种重要的数据解析方法，本章对这种方法进行介绍。
   

  

 
  
   
    
     13.1 一元线性回归
    

   

   
    线性回归是一种利用数理统计中的回归分析来确定两种或两种以上变量间相互依赖的定量关系的统计分析方法，其运用十分广泛，表达形式为
    
     y
    
    =
    
     w′x
    
    +
    
     e
    
    ，
    
     e
    
    服从均值为0的正态分布。
   

   
    若回归中只有一个自变量和一个因变量，且两者的关系可以用一条直线近似表示，则这种回归为一元线性回归。
   

   
    （1）本节构建一个一元线性回归模型，准备数据集并对其进行验证，代码如下。
   

   
    [image: ]
   

   
    （2）运行代码，得到数据点图如图13-1所示。
   

   
    （3）由于是一元线性回归模型，所以构建一个一层的模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    [image: ]
    
     图13-1 数据点图
    

   

   
    （4）代码的运行结果如下。
   

   
    [image: ]
   

   
    （5）执行训练计划，本例中训练100次，代码如下。
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）预测训练结果并显示预测图，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）运行代码，得到预测图如图13-2所示。
   

   
    [image: ]
    
     图13-2 预测图
    

   

   
    从图13-2中可以看出，在受噪声干扰的情况下，该一元线性回归模型可以训练出与实际数据相似的数据。
   

  

 
  
   
    
     13.2 多元线性回归
    

   

   
    在13.1节中，使用TensorFlow 2.0构建了简单的一元线性回归模型。本节使用TensorFlow 2.0对存在
    
     n
    
    个（
    
     n
    
    ≥2）自变量的多元线性回归问题进行分析。
   

   
    （1）本节构建一个多元线性回归模型，准备数据集并对其进行验证，代码如下。
   

   
    [image: ]
   

   
    （2）运行代码，得到多元数据集如图13-3所示。
   

   
    [image: ]
    
     图13-3 多元数据集
    

   

   
    （3）构建多层时序模型，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （4）代码的运行结果如下。
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    （5）执行训练计划，本例中训练100次，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （6）代码的运行结果如下。
   

   
    [image: ]
   

   
    （7）预测训练结果并显示多元线性回归预测图，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （8）运行代码，得到多元线性回归预测图如图13-4所示。
   

   
    [image: ]
    
     图13-4 多元线性回归预测图
    

   

   
    从图13-4中可以看出，在一定阶段内，预测数据和实际数据相似，但噪声的干扰使数据出现了偏离。
   

  

 
  
   
    
     13.3 汽车油耗回归示例
    

   

   
    前面已经对回归模型进行了简单的介绍，本节对一个复杂的数据集进行回归分析。
   

   
    本例中采用的数据集是Auto MPG数据集，本节根据该数据集对20世纪70年代末和80年代初的汽车燃油效率进行预测。
   

   
    （1）下载数据集，代码如下。
   

   
    [image: ]
   

   
    （2）代码的运行结果如下。
   

   
    [image: ]
   

   
    （3）上述结果是一个数据集列表，其释义如表13-1所示。
   

   
    
     表13-1 释义表
    

    [image: ]
   

   
    （4）读取全部数据，代码如下。
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    （5）代码的运行结果如下。
   

   
    [image: ]
   

   
    （6）实际上，在本例使用的数据集中有无效数据，而本例通过在使用pandas读取数据时对na_values进行相应的“？”设置，避免了无效数据的出现。可以使用下面的代码对数据集中是否有无效数据进行校验。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （7）代码的运行结果如下，可以看出，在Horsepower字段中有6个无效数据。
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    （8）从数据集中去除无效的数据，并处理数据分类问题，代码如下。
   

   
    [image: ]
   

   
    （9）代码的运行结果如下。
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    [image: ]
   

   
    （10）在处理完数据后，需要将数据集划分为训练集和测试集，代码如下。
   

   
    [image: ]
   

   
    [image: ]
   

   
    （11）代码的运行结果如下。
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    （12）根据要分析的情况对划分好的数据集进行整理，代码如下。
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    [image: ]
   

   
    （13）代码的运行结果如下。
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    [image: ]
   

   
    （14）构建回归模型并显示模型详情，代码如下。
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    [image: ]
   

   
    （15）代码的运行结果如下。
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    （16）使用训练集对模型进行训练，本例中训练1000次，代码如下。
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    （17）代码的运行结果如下。
   

   
    [image: ]
   

   
    （18）上述结果是数字化的预测结果，下面显示训练数据的图像，即平均绝对误差（MAE）和均方误差（MSE），代码如下。
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    （19）运行代码，得到MAE和MSE图如图13-5所示。
   

   
    [image: ]
    
     图13-5 MAE图和MSE图
    

   

   
    从图中可以看出，虽然随着迭代次数的增加，训练错误率逐渐降低，但在达到一定次数之后，训练错误率逐渐稳定，此时的训练次数明显是无效的。下面对这种情况进行优化。
   

   
    （20）TensorFlow 2.0提供了EarlyStopping回调函数来对上述情况进行优化。
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    （21）运行代码，得到加入EarlyStopping回调函数的MAE和MSE图如图13-6所示。
   

   
    [image: ]
    
     图13-6 加入EarlyStopping回调函数的MAE图和MSE图
    

   

   
    加入EarlyStopping回调函数能够减少无效的训练次数，具体效果可以从图13-5和图13-6的对比中看出。
   

   
    （22）在模型训练完成并基本达到要求后，可以对其进行预测。下面的代码对预测的结果进行了对比。
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    [image: ]
   

   
    （23）运行代码，得到对比图和误差分布直方图如图13-7所示。
   

   
    从图13-7中可以看出，预测的结果与标注的点基本一致。
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     图13-7 对比图和误差分布直方图
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history = model. fit(normed_train_data, train_labels,
epochs=EPOCHS, validation_split=0.2, verbose=0)

AR

test_result = model.predict(norned_test_data)

SRRBMER

print(’

facc'l)

A\ntest_result:’, test_result)
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test_result: [[15.674531]
[10.523621

[29.77305 11
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¢ Tensor(
tere. 0.28857142 0.07571369 11377857 2.2151708 1.4268001
1.3483192 1.4295883 1

[0.5324651 0.84801345 1.1660165 0.91560936 1.2024628 0.9481153
1.0713446 1.0192398 1.3742731 1111, shape=(1, 3, 9, 9), dtyp

loat32)
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print(resnet8lock(tf.ones([1,3,9,91))
SR

SAABECOR. Dialia Fan X TN PeanatBl oie. Erainabia. var lablead)
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#49A Tensorflow
inport tensorflow as tf
[
class ResnetBlock(t.keras.Model):
def __init_(self, kernel_size, filters):
super (ResnetBlock, self).__init__(nane='resnet_block’)
Filtert, filter2, filter3 = filters
HEIDTRE TR 1 AR AMLEN
TR, 1 BB
self.convl = tf.keras. layers.Conv20(filterl, (1,13)
Self.bnl = tf.keras. layers Batchlormalization()
20 FH, ] kernel_size
Self.conv2 = tf.keras. layers.Conva0(filter2, kernel_size, padding="sane")
SeLf.bn2 = tf.keras. layers.BatchNormalization()
I THE, 1 BB
self.conv3 = tf.keras. Layers.Conva0(filter3, (1,13)
self.bn3 = tf keras. layers Batchiormalization()
def call(self, inputs, training=False):
SRR TIE
Self.convi (inputs)
Self.bnl(x, training=training)
Self.conv2(x)
X = self.bn(x, training=training)
Self.conv3(x)
= self bu3(x, trainis
AR
X += inputs
outputs = tf.an.relu(x)
return outputs
resnet8lock = Resnet8lock(2, [6,4,91)
SHRM

raining)
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[-0.09493732, 0.25326592, ©.19607717, 0.11132509, ©.46998113,
40997064, -0.49282327, -0.36274086, 0.36849576, 0.5851895],
[ 0.46902484, 0.31402415, 0.32776433, 0.39769 , -0.34568653,

0.0773797 , 05097117 , 0.4223289 , 01333, 0.459095541],
dtype=float32)>]
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#5 A TensorFlow
import. tensorflow as tf
AR
X = tf.ones((2,2))
AR
with tf,GradientTape() as t:
tvatch(x)
¥ = tf.reduce_sum(x)
2 = t.ultiply(y,y)
A2 X x BB
dadx = t.gradient(z, X)
print(dz_dx)
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tf Tensor(
(LL-0.0002618
[-6.0002618
[-8.0002618

(C-0.0002618
[-0.0002618
[-0.0002618

~0.04231375
-0.04231375
-0.04231375

-0.04231375
-0.04231375
-0.04231375

-0.02505867]
-0.02505807]
-0.0250580711

~0.02505807]
-0.02505807]
-0.025058071111, shape=(1, 2, 3, 3), dtype=float32)
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#5 A\ TensorFlow
inport. tensorflow as tf

AR 3 ROREERY, EARASY
seq_nodel = tf .keras. Sequential(

r

b))

seq_node1Block

tF.keras.layers.Conv20(1, 1, input_shape=(hone, None, 3)),
¢ keras. layers.BatchNornalization(),

tf.keras. layers.Conv2D(2, 1, padding="same’),

¢ keras. layers. BatchNornalization(),

tF keras.layers.Conv20(3, 1),

tf keras. layers. BatchNormalization(),

eq_nodel (¢ ones([1,2,3,31))

print (seq_nodelBlock)
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#5 A Tensorflow

import. tensorflow as tf

AR

X = tf.ones((2,2))

I ANY GradientTape

with tf.GradientTape(persistent=True) as t
towateh(o)

tf. reduce_sun(x)
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tf.Tensor (8.8, shape=(), dtype

0at32)
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#5 A TensorFlow
inport. tensorflow as tf
AR

X = tf.ones((2,))

14 tape MBI T HBIER S
with tf.GradientTape() as t:
twateh(o)

. reduce_sun(x)
. mltiply(y,y)
t.gradient(z, y)
print(dz_dy)
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. Tensor(
s, 8.1
[8. 8.11, shar

2, 2), dtype=Ffloat32)
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f.Tensor (12.0, shape=(), dtype=Float32)
tf Tensor(12.0, shape=(), dtype=Float32)
tf Tensor(4.0, shape=(), dtype=Float32)
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#5 A Tensorflow
inport tensorflow as tf
def £0x, V)2
output = 1.0
S5
for 1 in range(y):
SR TUETHI
if 151 and i<5:
output = tf.multiply(output, x)
return output
def grad(x, y):
with tf_GradientTape() as t:
towateh(0)
out = £(x, )
S
return ¢ gradient(out, x)
SO
X = tf.convert_to_tensor(2.)
print(grad(x, 6))
print(grad(x, 5)
print(grad(x, 4))
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tf . Tensor(
s, 8.1

[8. 8.1, shape=(2, 2), dtype=floats2)
tf.Tensor(8.0, shape=(), dtype=float32)
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= tf.mltiply(y, v)

S ] BEL A GradientTape HEAT I 41
d2_dx = t.gradient(z,)
print(dz_d)

dz.dy = t.gradient(z, ¥)
print(dz_dy)
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x = tf.Variable(1.0)
with tf GradientTape() as t1:
with tf GradientTape() as t2:
yexaxrx
dy_dx = t2.gradient(y, )
print(dy_d)
d2y_d2x = t1.gradient (dy_x, X)
print(d2y_d2x)
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#9 A TensorFlow
inport. tensorflow as tF
#{0] variable ¥a a8 Bl
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f.Tensor (3.0, shape=(), dtype=float32)
tf.Tensor (6.0, shape=(), dtype=Float32)
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(x_train, y_train), (x_test, y_test) = keras.datasets.boston_housing. load data()

#L boston_housing BG4 1 IERHHIELBU

model = keras. Sequential (L
layers.Dense(32, activati
layers.Dense(32, activatis
layers. Dense(32, activation=!
Layers Dense(1)

ignoid", input_shape=(13,)),

»

AU EISE R

nodel. conpi Le(optimi zer=keras. opt inizers. SGD(9.1),
loss="nean_squared_error”, fkeras. losses.mean_squared_error
netrics=[‘nse])

AR

rodel sumary()

R AR
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#L TensorFlow Jy IERLHIEL Keras
from tensorflow inport keras
Hrom: tecrace flow kuras twoort: Layera.
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(04, 13), ' ', (404.))
(102, 13), ' ', (102,))
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#LL boston_housing (i 4 IEREHIELELLY

fron tensorflow import keras

X_train, y_train), (x_test, y_test) = keras.datasets. boston_housing. 1oad_data()
AR AR

print(x_train. shape,
print(x_test.shepe,

*, y-train. shape)
y_test.shape)
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#5A TensorFlow
import tensorflow as tF
XA

X = tf.randon.uniforn((3, 31)

print(‘Is GPU available:")
print(tf. test.is_gpu_available())
print('Ts the Tensor on gou #0:")
print(x.device. endswith('GPU:0"))
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f . Tensor(

3.

036,

7.
7.

036,

36,

36.1
3611, shape=(2, 2), dtype=Floatsd)
7.
.71
3.1
36.71
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#5 A TensorFlow J NuaPy

inport. tensorflow as tf

import. nunpy as np.

#5234 by B

ndarray = np.ones((2,21)
AR

tensor = tF.aultiply(ndarray, 36)
print(tensor)

411 np.add 44 TensorFlow M IS
print(np.add(tensor, 1))

a$H) Nunpy 20

rint(tensor. nunpy())
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tf.Tensor(
e}

01211, shape=(2, 1, dtype=int32)
@ n

<dtype: 'int32'>
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10 loops: 2.3e+02ms
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LTI E R A o CPuo
assert x.device.endswith('CPU:0")
tine_natnul (x)

SR GPU, BT GPU

if tf. test.is_gpu_available():
print(‘0n GPU: ')
with tf.device. endswith('GPU:0"):

X = tf.randon.uniform([1000, 10001
(LU
assert x.device. endswith('GPU:0")
time_satoul (x).
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#49A Tensorflow /& Time.
inport. tensorflow as tf
inport. tine
AT
def tine_natnul():

start = tine. tine()
RIS ]
#4510 LIS

for loop in range(10):

Fmatml(x, x)

result = tine.tine() ~ start

print('10 loops: (:0.2)us’.format(1600sresult))
B cPy
print(‘on cU: )
with tf.device("CPU:0")
tf.randon.uniform([1000, 10081)
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1Is GPU available:
False
Is the Tensor on gou #0:
False
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#49A Tensorflow
inport. tensorflow as tf
AHFI e I Tensor.
ds._tensors = tf.data.Dataset. fron_tensor_slices([6,5,4,3,2,1)
HOIEE csv At
inport. tempfile
_, Filenane = tempfile.akstenp()
print(filenane)
ST, RAE
with open(filenane, ‘') as
fourite(” " " Line 1
Line 2
Line 37 * )
9N TextLineDataset HU AL
ds_file = tf.data.TextLineDataset (Filename)
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Line 1
Line 2
Line 3
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/var/folders/tw/@htspm75511_vbd_x_zn99wd0eogn/T/tmpdtbTkwer
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Line 3® " *)

#95HH TextLineDataset H U3z

ds_file = tf.data. TextLineDataset (Filenane)

ds_tensors = ds_tensors.map(tf. square). shuffle(2) batch(2)

ds_file = ds_file bateh(2)

print('ds._tensors i

for x in ds_tensors:
print(0

print('ds_file i) &

For x in ds_file:
print(x)

2
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#9A TensorFlow
inport. tensorflow as tf
AHFIREH I Tensor
ds_tensors = tf.data.Dataset. fron_tensor_slices((6,5,4,3,2,11)
S0 csv K f
inport. tempfile
_. Filenane = tempfile.mkstemp()
print(filenane)
ST A
with open(filenane, 'w') as f:
furite(” " *Line 1
Line 2
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<BatchDataset shapes: (None,), types: tf.int32>
<BatchDataset shapes: (None,), types: tf.string>
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#5 A Tensorflow
import. tensorflow as tf
BB IR Tensor.
ds_tensors = tf.data.Dataset. fron.tensor_slices([6,5,4,3,2,11)
I csv fi
inport. tempfile
_. filenane = tempfile.mkstemp()
print(filenane)
ST
with open(filenane, ‘') as
Fourite(” " *Line 1
Line 2
Line 37 * )
4K TextLineDataset Bl
ds_file = tF.data. TextLineDataset (Filenane)
ds._tensors = ds_tensors.map(tf. square). shuffle(2) batch(2)
ds_file = ds_file.batch(2)
print (ds._tensors)
print (ds_file)
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#4A Tensorflow
inport. tensorflow as tf

A A 3

Tayer = tf keras. layers.Dense(100)

MRS

Layer = tf.keras. layers.Dense(100, input_shape=(None, 20))
AP A R, SRR R
Tayer(tf.ones((5, 61))

AP BT A

print(layer.kernel, layer.bias)
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[<tf.Variable 'dense_1/kernel:0" shape=(6, 100) dtype=float32, numpy=
array(([-0.06826358, ©.13057731, ©.20192285, ©.1940025 , ©.06154729,

-0.18839078, -0.1510858 , -0.11723022, -0.02339667, -0.166769
-0.20208013, -0.00988553, ©.1350063 , -0.10279569, 0.123698791],
dtype=float32)>, <tf.Variable ‘dense_1/bias:0’ shape=(109,) dtype=Float32,

nunpy=
array((o., 0., 8., 0., 0., 0., 0., 0., 0., 0., 0., 0., oA
0.,0.,0,0,0,0,0,0,0,0,0,0, LeL 0,0,
0.,0.,0,0,0,0,0,0,0,0,0,0, e, 80
6.,0.,0,0,0,0,0,0 0, 0,0, 0, 0.,0,
0.,0.,0,0,0,0,0.,0 0, 0.0, Lo 0.0,
0.,0.,0,0,0,0,0.,0 0,00, SO

dtype=Float32)>]
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#9 A TensorFlow
inport. tensorflow as tf

R A B

Layer = tf.keras. layers.Dense(100)

ARSI

Tayer = tf.keras. layers.Dense(100, input_shape=(None, 20))
AHAATDUED AR AR AR A

Tayer (tf ones((6, 61))

print(layer.variables)
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ds_tensors (i1 L #:

tF.Tensor([36 251, shape=(2,), dtype=int32)

tF.Tensor([9 161, shape=(2,), dtype=int3z)

tF.Tensor([1 4], shape=(2,), dtype=int32)

ds_File i) 4

tF.Tensor([b’Line 1* b'Line 2'], shape=(2,), dtype=string)
tf Tensor([b'Line 3'], shape=(1,), dtype=string)
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f . Tensor(

[[-0.2683453 -0.28268558 0.8902599
0.4618655 -0.6703784  1.413507

[-0.2683453 -0.28268558 0.8902599
0.4618655 -0.6703784 1413507
[<tf Variable 'ny_dense/kernel:0' shape=(5, 10 dtype=float32,

array(CL 0.10833806, -0.36234528,
0.4700827 , ©.4416079 ,
[-0.5554653 , ©.06153011,
-0.2384331 , 0.12499771,
[-0.19530559, -0.5491605 ,
0.59960526, -0.1215685 ,

o
0.
o

0.49899605 -0.12212557 0.4986639
-0.03647304]

0.49899605 -0.12212557 0.4986639
-0.036473041], shape=(s,

2048733 ,
34874937,
4769748
0.
0.
0.

11590213,
40542966,
24531192,

-0.07032776,
0.59902436,
0.43647485,
01238513 ,
-0.37616614,
0.45543557,

)
o,
o
o
o
o

1), dtyp
nunpy:

42154115,
15988943],
5021389,
390604081,
32701793,
53026471,
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#5A Tensorflow
inport. tensorflow as tf
5 XA IR
class Mybense(tf keras. layers. Layer)
SR
def __init_(self, n_outputs;
super HyDense, self)._init_()
self.n_outputs = n_outputs
ouldORE. FRMAKIIER. HTL T RO
def build(self, input_shape):
self kernel = self.add_weight('kernel', shape=Cint(input_shapel-11).
self.n_outputs])
vcall OB, WML, T
def call(self, input):
return tf matnulinput, self.kernel)
AR KR 425
Tayer = MyDense(10)
SRR R4
print(layer(tf.ones([s, 51)))
print(layer.trainable_varisbles)
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<tf.Variable 'dense_1/kernel:0" shape=(6, 10) dtype=float32, numpy

array([[-7.21279234e-02, -1.4176949%-02, -9.59615260¢-02,
~9.15659666-02, ~1.70545742e-01, -6.98231310e-02,
-1.63669285-02, ~2.02601537e-01, 6.328298158-02,

~1.99535131e-01, ~1.68282419e-01, 1.06709614e-01,
-1.87540770-011], dtype=Floati2)> <tf.Variable ‘dense_1/bias:0' shape=(190,)
dtype=Float3z, numpy=

array((o., 0., Lo 0,0, Lo, 0.0, 0, o
0., 0.,0,0,0,0,0,0, SUROE D 38
o, 0., L0, 0., 0,8, 00 000 Lo,
0., 0.,0.,0,0,0,0.,0 L0, 0., 0,0 0.,
0.,0.,0,0,0,0,0., sene 0,0 SO

o. T 18 e, 0., 0,0
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#LL TensorFlow 4y IERHHYL Keras

fron _future__ import absolute_inport, division, print_function
inport.tensorflow as tf

fron tensorflow import keras

from tensorflow.keras inport lavers

S ATIRAT R IEAFRGAY

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
X_train = x_train.reshape(60000, 784).astype(’float32") /255

X_test = x_test.reshape(10000, 784).astype(’ floati2’) /255

L1 10000 %14 M AC
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x.val = x_train(~16000:]
y_val = y_train[-10000:]
x_train = x_train(:-10000]
y-train = y_train[:-10000]
AHRBRE
def get_conpi led_model ()
SRS
ot = Farae TooutE(ahmpss (764101 ramemmmsac it
h1 = layers.Dense(64, activation="'relu’)(inputs)
h2 = layers.Dense(64, activation='relu’)(h1)
L
outputs = layers.Dense(10, activation='sof tmax")(h2)
1] Keras HIzEBUI
model = keras.Model (inputs, outputs)
modelconpile (optinizer=keras. optinizers. RMSprop(),
Loss=keras. losses. SparseCategor icalCrossentropy(),
metrics=[keras.metrics. SparseCategoricalAccuracy()1)
return nodel
a5
nodel = get_compiled_nodel()
LRI
train_dataset
train_dataset
LRI
val_dataset = tf.data.Dataset. froa_tensor_slices((x.val, y_val))
val_dataset = val_dataset.batch(64)
dnodel. Fit(train_dataset, epochs=3)
asteps_per_epoch 151 epoch SLUIHLY
#validation_steps HKSIEILY
nodel. fit(train_dataset, epochs=3, steps_per_epoch=100,
validution: datawval: dutaset, val idabion; staneas)

tf.data.Dataset. froa_tensor_slices((x_train, y_train)
train_dataset. shuffle(buf fer_size=1024) .batch(64)
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import tensorflow.keras.layers as layers

inport pydot

import pydot_ng as pydot

LRI R AR

Gtrain, y_train), (x.test, y_test) = keras.datasets. mist. losd_data()

xtrain = tf.expand_dins(x_train. astype(* float32"), -1) / 255.0

K test = tF.expand_dims(x.test. astype(’Floati2’),-1) / 255.0

HETRAR

inputs = laers. Input (shape=(x_train.shape{1], x_train.shape(2], x_train.shape(31),
name="inputs’)

code = Tayers.Conv2D(16, (3,3), activation="relu’, padding="sane") (inputs)

code = layers MaxPool2D((2,2), padding="same’) (code)

decoded = layers.Com2D(16, (3,3, activation='relu’, paddings"same") (cade)

decoded = layers. UpSanpling2D((2,2)) (decoded)
AR

outputs = layers.Conv20(1, (3,3), activation='signoid", padding="same") (decoded)
A

auto_encoder = keras. Model(inputs, outputs)
auto_encoder . compile(optimizer=keras. optinizers. Adan(),
Toss=keras. losses.BinaryCrossentropy())
Keras. utils.plot_nodel (auto_encoder, show_shapes=True)
SR RP — M AL V
early_stop = keras. callbacks. EarlyStopping(patience=2, monitor="loss')
auto_encoder. Fit(x_train,x_train, batch_size=64, epochs=1, validation_split=0.1,
validation_freq=10, callbacks=[early._stop])
ARG
inport matplotlib.pyplot as plt
decoded = auto._encoder..predict (x_test)
n=s
plt. figure(figsize=(10, 4))
for 1 in range(n):
# display original
ax = plt.subplot(2, n, 1+1)
plt. imshow(tf. reshape (x_test[i+1], (28, 28)))
plt.gray)
ax.get_xaxis(). set_visible(False)
ax.get_yaxis(). set_visible(False)
ax = ple.subplot(2, n, i + n+1)
plt. inshow(tf. reshape(decoded[i+11, (28, 26)))
plt.gray)
ax.get_xaxis().set_visible(False)
ax.get_yaxis(). set_visible(False)
plt.show()
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#bl TensorFLow Jy MRHHIEL Keras
import. tensorflow as tf

fron tensorflow.keras inport layers
HTE TensorFlow fih:

print(tf. _version__)

HTE Keras A

print(tf keras._version_)
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#LL TensorF low Yy IRHHIEL Keras

import tensorflom as tF

inport tensorflow.keras as keras

import tensorflow.keras. layers as layers

import pydot

inport pydot_ng as pydot

LN TR PSS

(_train, y_train), Gu_test, y_test) = keras.datasets.mnist. load_data()

x_train = tf.expand_dins(x_train.astype('loat32"), 1) / 255.0

x_test = tf.expand_dims x_test. astype('float32'),-1) / 255.0

HETRATR

inputs = layers. Input (shape=
nane="inputs")

code = Layers.Con20(16, (3,3), activation='relu’, paddi

code = layers MaxPool20((2,2), padding="same’) (code)

decoded = layers. Conv20(16, (3,3), activation="relu’, padding='same’) (code)

decoded = layers. UpSanpling2D((2,2)) (decoded)

(x_train.shape(1], x_train.shape[2], x_train.shape[3),

same’) (inputs)

AR
outputs = layers.Conva0(1, (3,3), activation='signoid’, padding="same") (decoded)
s

auto_encoder = keras.Hodel (inputs, outputs)

auto_encoder. conpile optinizer=keras. optinizers. Adan()
loss=keras.losses.BinaryCrossentropy())

Keras.uti1s.plot_model auto_encoder, show.shapes=True)

5 S MR, ) B L D

early_stop = keras.callbacks.EarlyStopping(patience=2, monitor='loss')

auto_encoder. F1t(x_train,x_train, batch_size=64, epochs=1, validation_split=0.1,

DR T 1y At

validation free
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Train on 54000 samples, validate on 6098 samples
54000/54000 1806 T /eanple = JoLsr/B817.
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#) TensorFlow Jy MRl 4k Keras.
import. tensorflow as tf
iaport tensarflow.Keras as karas
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2.0.0-rc2
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#LL TensorFlow Jy MK Keras

import. tensorflow as tf

import. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

import pydot

import pydot_ng as pydot

AR R IR

(x-train, y_train), (x_test, y_test) = keras.datasets.mnist.load_data()
x_train = tf.expand_dins(x_train. astype(’float32"), ~1) / 255.0

X_test = tf. expand_dins(x_test.astype('Float32’),-1) / 255.0
HERATR
inputs = layers. Input(shape=(x_train.shape[1], x_train.shapel2], x_train.shape(3),
nane="inputs’)

print(inputs. shape)

code = layers.Convab(16, (3,3), activations'relu’, padding="sane") (inputs)
code = layers.MaxPool20((2,2), padding="sane") (code)

print (code. shape)

decoded = layers.Conv2D(16, (3,3), activation="relu’, padding='sane’) (code)
decoded = layers.UpSanpling2D((2,2)) (decoded)

print(decoded. shape)
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SRR
outputs = layers.Conva0(1, (3,3), activation='sigmoid’, paddin
print(outputs.shape)

ane’) (decoded)
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#L1 TensorFlow Jy MAHIEL Keras

inport. tensorflow as tf

import. tensorflow.keras as keras

import tensorflow. keras. layers as layers
fron 1Python.display inport SVG

#4760 TensorFlow JiA:
print(tf.__version_)

ST IR

(x_train, y_train), (x_test, y_test) = keras.datasets.anist.load_data()

X_train = x_train.reshape((-1, 28428)) / 255.0
K_test = x_test.reshape((-1, 28128)) / 255.0
code_din = 32

HERALL

inputs = Layers. Input (shape=(x_train. shape[1],), name='inputs’)

code = layers.Dense(code_din, activation='relu’, nane="code’) (inputs)

outputs = layers.Dense(x_train. shape[1], activation='softmax’, nane='outputs’)
(code)
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SIS
auto_encoder = keras.Model(inputs, outputs)
T ELREY RS LI AT T
Keras. utils.plot_nodel (auto_encoder, show_shapes=True)
encoder = keras.Model (inputs, code)
keras.utils.plot_nodel (encader, show_shapes=True)
oEIRZ
decoder_input = keras. Input((code_dim,))
decoder_output = auto_encoder. Layers{ 1] (decoder_input)
decoder = keras. Hodel (decoder_input, decoder_output)
Keras.utils.plot_nodel (decoder, show_shapes=True)
SRR R
auto_encoder compile(optiniz
AR RBALL T
history = auto_encoder.fit(x_train, x_train, batch_size=6s, epochs=
1)

3 FLRI 2 R 2T T
encoded = encoder .predict(x_test)
decoded = decoder predict (encoded)
import. matplotlib.pyplot as plt
oLt figure(Figsize=(10,4))
SRS O SRR
e
for i in range(n)

ax = plt.subplot(2, n, i+1)

plt.imshow(x_test[i].reshape(28,28))

Pt gy

ax.get_xaxis().set_visible(False)

ax.get_yaxis().set_visible(False)

ax = plt.subplot(2, n, meiel)

plt. imshow(decoded[1). reshape(28,28))

plt.gray()

ax.get_xaxis() set_visible(False)

ax.get_yaxis0). set_visible(False)
plt.show()

adan’, loss="binary_crossentropy’)

 validation_

spl
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#L TensorFlow Jy MaiHU3L Keras
import tensorflow as tf

import. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

#4TE] TensorFlow A

print(tf._version_)

HG AT IGIRRAI

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
X_train = tf.expand_dins(x_train.astype('float32"), ~1) / 255.0

X_test = tf.expand_dins (x_test.astype(’ floati2"), 1) / 255.0
print(x_train.shape, ' ', y._train.shape)

print(x_test.shape, ' ', y_test.shape)
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#L) TensorF low Jy IERHHIEL Keras

inport. tensorflow as tf

import tensorflow.keras as keras

inport. tensorflow.keras. laers as layers

from 1Python. display import SV

#4760 TensorFlow fiLh:

print(tf. _version_)

A5 AT AR

(x-train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
x_train = x_train.reshape((-1, 28+28)) / 255.0

x_test = x_test.reshape((-1, 28+28)) / 255.0.

code_din = 32

RN

inputs = layers. Input (shape=(x_train. shape(1],), name="inputs’)

code = layers.Dense(code_dim, activation="relu’, name="code’)(inputs)
outputs = layers.Dense(x_train.shape[1], activation="softmax’, name="outputs’)
(code)

ol
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auto_encoder = keras.Model(inputs, outputs)
AT FI R BT
Keras. utils. plot_nodel (auto_encoder, show_shapes=
encoder = keras. Model (inputs, code)
keras. utils. plot_nodel (encoder., show_shapes=True)
AW
decoder_input = keras. Input((code_din,))
decoder_output = auto_encoder. Layers[~11 (decoder_input)
decoder = keras. Hodel(decoder_input, decoder_output)
keras.utils. plot_nodel (decoder, show_shapes=True)
AR AR A
auto_encoder . conpile(optimizer="adan’, loss="binary_crossentropy')
R B
history = auto_encoder. fit(x.train, x_train, batchsize=64, epochs=19, validation.
split=0.1)
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Train on 54000 sanples, validate on 6000 sanples
Epoch 1/10
Instructions for updating:
Use tf.where in 2.0, which has the same broadcast rule as np.where
54000/54000 - 55 92us/sample - loss: 0.7058 - val_loss:
0.6797

Epoch 10/10
54000/54000

- 45 80us/sample - loss: 0.6740 - val_loss:
0.6710
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9000/10000 [

- 05 40us/sanple - loss: 2.4093 - accuracy
0.1046
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train_inages = train_inages / 255.0

test_inages = test_inages / 255.0
kg
nodel = keras. Sequential(

SRR

3
Layers. Flatten(input_shape=[28, 28),

(Zs
Layers.Dense(128, activation="relu’),
Layers.Dense(19, activation='softnax')

b))

ABILB B

nodel.conpiLe(opt imizer='adan’, 1os
metrics=['accuracy')

B

nodel. sumary()

sparse_categorical_crossentropy”,
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start of epoch @
Training loss (for one batch) at step 0: 2.3243019580841064
Seen so far: 64 samples.

Training loss (for one batch) at step 600: 2.0378403663635254
Seen so far: 38464 samples

Training acc over epoch: 0.24595999717712402

Validation acc: 0.4284000098705292

Start of epoch 1

Training loss (for one batch) at step 0: 1.9687241315841675
Seen so far: 64 samples.

Training loss (for one batch) at step 600:
Seen so far: 38464 samples

Training acc over epoch: 0.519720017910037

Validation acc: ©.6035000085830688

Start of epoch 2

Training loss (for one batch) at step 0: 1.5821621417999268
Seen so far: 64 samples

1.6812344789505005

Training loss (for one batch) at step 600: 1.2043852806091309
Seen so far: 38464 samples

Training acc over epoch: 0.6430000019973485

Validation acc: ©.7148000091907349
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Model: " sequential *

Layer (type) Output Shape Paran

flatten (Flatten) (Hone, 784) o
dense (Dense) (Hone, 128) 100480
dense_1 (Dense) (None, 10) 1290

Total parans: 101,770
Trainable parans: 101,770
Non-trainable parans: 0
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I\ TensorFlow il Jf- 7 TensorFLow ik Keras

fron _future__ inport absolute_import, division, print_function
import tensorflow as tf

import tensorflow.keras as keras

import. tensorflow.keras. layers as layers

B TR PRIFOIE B, BT R AR e
2 keras. backend. clear_session()

ARG N IR

(x_train, y_train), (x_test, y_test) = keras.datasets.mnist.load_data()
x_train = x_train.reshape(60009, 784).astype(" float32") /255
X_test = x_test. reshape(10000, 784).astype(’floatd2") /255
x_val = x_train(-1000:]

y-train(-1000:]

X_train(:-10000)

y_trainl:-10000]

y_trai
st
inputs = keras. Input(shape=(784,), name="digits")

X = layers.Dense(64, activation='relu’, name='dense_1) (inputs)

X = layers.Dense(64, activation="relu’, nane="dense_2')(x)

outputs = Layers.Dense(10, activation="softnax’, name=’predictions’) (x)
model = keras.Model (inputs=inputs, outputs=outputs)

SRS

optimizer = keras.optinizers. SO(learning_rate=le-3)

e

train_acc_netric = keras.metrics. SparseCategoricalAccuracy()
val_acc_netric = keras.metrics. SparseCategoricalAccuracy()
A DI

batch_size = 64

train_dataset

tf. data.Dataset, fron_tensor_slices((x_train, y_train))
train_dataset = train_dataset. shuffle(buffer_size=1024) batch(batch._size)
AR Rl
val_dataset = tf.data.Dataset. fron_tensor_slices((xval, y_val))
val_dataset = val_dataset.batch(64)
S0 Toss, LA BUE K VARSMI Toss
Class ActivityRegularizationLayer (layers.Layer)
def call(self, inputs):
self.add_loss(1e-2 * tf.reduce_sum(inputs))
return inputs
inputs = keras. Input(shape=(784,), name='digits")
jense_1") (inputs)
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ARSI
X = ActivityRegularizationLayer()(x)
X = layers.Dense(64, activation="relu’, name='dense_2")(x)
outputs = layers.Dense(10, activation="softmax’, name="predictions")(x)
sty
nodel = keras.Hodel (inputs=inputs, outputs=outputs)
logits = model(x_trainl:641)
print (nodel. losses)
logits = nodel(x_trainl :641)
logits = nodel(x_trainl64: 128)
logits = nodel(x_train[128: 1921)
print (nodel. losses)
24§ loss HMHR G
optinizer = keras.optinizers. SCO(learning_rate=le-3)
For epoch in range(3):
print('Start of epoch %d' % (epoch,))
for step, (x_batch_train, y_batch_train) in enumerate(train_dataset)
with tf GradientTape() as tape:
logits = model(x_batch_train)
Loss._value = loss_fn(y_batch_train, logits)
MBI Loss
Toss_value += sum(aodel. losses)
grads = tape. gradient(loss_value, model. trainable_variables)
optimizer. apply_gradients(zip(grads, model.trainable_variables))
#4200 HAHOY 1 4 batch JES KT
if step % 200 == 0:
print(‘Training loss (for one batch) at step s
%' % (step, float(loss_value)))
print(‘Seen so far: Xs samples’ % ((step + 1) * 64))
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import ss1
#3IA SsL B
fron tensorflow inport keras

From tensorflow.keras import layers

#5| A TensorFlow, Keras fifi

inport matplotlib.pyplot as plt

#3|A natplotlib.pyplot WHL{LELL

ss1._create_default https_context = ssl._create_unverified_context
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
HGAMNIST A
print(x_train.shape, *
print(x_test,shape,

y-train. shape)
v, y_test.shape)
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inport ssl

#L TensorFlow JyACAlHIAE Keras

fron tensorflow inport keras

fron tensorflow.keras import layers

SGABIEIL LI

inport matplotlib.pyplot as plt

ssl._create_default_https_context = ss1. _create_unveri fied_context

AGATIA A IR

(train_inages, train_labels), (test_images, test_labels) = keras.datasets.fashion_
mist. load_data()

o XAREE





OEBPS/Images/CmQUOF9jc_aEUn8oAAAAAFZaubE424278224.jpg
(60000, 28, 28)  (60000,)
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start of epoch @
raining loss (for one batch) at step 0: 8.432535171508789
Seen so far: 64 samples.

Training loss (for one batch) at step 600: 2.3722951412200928
Seen so far: 38464 samples.

Start of epoch 1

Training loss (for one batch) at step 0: 2.3349554538726807
Seen so far: 64 samples.

Training loss (for one batch) at step 600: 2.3314204815063477
Seen so far: 38464 samples
Start of epoch 2





OEBPS/Images/CmQUOV9jc-uEf0tGAAAAAIQhTes235333260.jpg
class_names = ['T-shirt/top’, 'Trouser’, 'Pullover’, ‘Dress’, 'Coat’,
“sandal’, 'Shirt’, 'Sneaker’, 'Bag’, 'Ankle boot')

AN G

train_inages = train_inages / 255.0

test_inages = test_inages / 255.0

Al

nodel = keras.Sequential(

AL BB

r

layers. Flatten(input_shape=(28, 281),
AR
layers. Dense(128, activation='relu’),
layers.Dense(10, activation='softnax')

»

GBS

model conpi le(optimizer="adan’, 1o:
metrics=[accuracy'])

AT IR, 918 5 %

model. fit(train_images, train_labels, epoct

sparse_categorical_crossentropy’,
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layers.Dense(64, activati

ignoid’),
Layers.Dense(19, activation="softnax")

)

sl

nodel.conpi Le(optini zer=keras.optimizers.SG00),
loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=["accuracy'1)

SRR, (LR S0 A IRIER

nodel sumary()

SR AR
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epoch: @
Training loss (for

one batch)

Seen so far: 64 saples

Training loss (for
Seen so far: 12864
Training loss (for
Seen so far: 25664
Training loss (for
Seen so far: 38464
epoch: 1

Training loss (for

one batch)
sanples
one batch)
sanples
one batch)
sanples

one batch)

Seen so far: 64 sanples

Training loss (for
Seen so far: 38464
epoch: 2

Training loss (for

one batch)
sanples

one batch)

Seen so far: 64 sanples

Training loss (for
Seen so far: 38464

one batch)
sample

at

at

at

at

at

at

at

at

step

step

step

step

step

step

step

step

0: 2.3696320593658447

200: 2.279789924621582

400: 2.1937031745910645

500: 2.1733367443084717

0: 2.1400647163391113

500: 1.8723350763320923

0: 1.8295190334320068

600: 1.6326489448547363
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PSRBT
inport matplotlib.pyplot as plt
ss1._create_default_https_context = ssl._create_unverified_context
ARATARIF IR
(train_inages, train_labels), (test_images, test labels) = kerss.datasets.fashion
mist. load_data()
SRR
class_nanes = ['T-shirt/top’, 'Trouser’, 'Pullover’, ‘Dress’, ‘Coat’,
‘Sandal’, 'Shirt’, 'Sneaker’, 'Bag’, 'Ankle boot']
AR
train._inages = train_inages / 255.0
test_inages = test_inages / 255.0
AR A ISR DR
plt. Figure(Figsize=(10,10))
for 1 in range(25)
plt. subplot(s,5,1+1)
plt.xticks([])
plt.yticks(C])
plt.grid(False)
plt. inshou(train_inages[il, cnap=plLt.cn.binary)
plt. xlabel (class_names(train_labels[11])
plt. show()
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Model: " sequential *

G (0 S S
dense (Dense) -(Nuna‘ 64) 50240
e oree e, &0
= o, 8 e
e Goree G, 0 B

Total parans: 59,210
Trainable parans: 59,210
MNon-trainable parsms: ©
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#5] A TensorFlow Ml JF 3L T TensorFlow HIEl Keras
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#L) TensorF low Jy Mkt )i Keras

inport sl

Fron tensorflow import keras

fron tensorflow.keras inport layers

SHAREATIL

inport. natplotlib.pyplot s plt

oL HTTPS B % 6 U AT

ss1._create_default_https_contex

Gitrain, y_train), Gtest, y_test) = keras.datasets. mist.load_data()

x_train = x_train.reshape((x_train. shapeo], -11)

Xtest = x_test. reshape([x._test. shapeCo], ~11)

ST MNIST A

nodel = keras. Sequential (L
Layers Dense(84, activatior
layers.Dense(4, activatior

ss1._create_unverified_context

“siguotd’, input_shape=(784,)),
signoid’),
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fron _future__ import absolute_inport, division, print_function
import tensorflow as tf

import. tensor flow.keras as keras

import tensorflow.keras. Layers as layers

I

1) T QI 0T, SR  T0 URREL

£f.keras.backend. clear_session()
AR VIR

(xtrain, y_train), (test, y_test) = keras.datasets.anist. load_data()
¥_train = x_train.reshape (50900, 754).astype("float32’) /255

X_test = x_test.reshape(10009, 764)..astype('Floatiz') /255

xval
yoval
xtrain
y_train

x_train[-10000:1
y_trainL-10000:1

x_trainl:-10000]
y_trainL:-10000]

MR
inputs = keras. Input(shape=(784,), name='digits’)

x = layers.Dense(64, activation=

Layers.Dense(64, activation='relu’, nane="dense_1") (inputs)
relu’, nane='dense_2') (x)

outputs = layers.Dense(10, activation="softaax’, name='predictions) (x)
model = keras. Hodel (inputs=inputs, outputs=outputs)

e

optimizer = keras.optimizers. SGD(learning_ratesle-3)
SRRY

Loss_fn = keras. losses. SparseCategoricalCrossentropy()
SR B

train_ace_metri:

keras.metrics. SparseCategoricalAccuracy()

val_acc_netric = keras.metrics. SparseCategoricalAccuracy()

P

bateh_size = 64

train_dataset = tf.data Dataset. fron_tensor_slices((x_train, y_train)
train dataset = train dataset. shuffle(buffer_size=1024).batch(batch.size)
SRR

val_dataset
val_dataset

. data.Dataset. fron._tensor_slices((val, y.val))
val_dataset.batch(64)

ST
For epoch in range(3):

print(’Start of epoch %' % (epoch,))
for step, (x_batch_train, y_batch_train) in enunerate(train_dataset)
with tf GradientTape() as tape:
Logits = model (x_batch_train)
loss_value = loss._fn(y_batch.train, logits)
grads = tape.gradient(loss_value, model. trainable_variables)
optinizer.apply_gradients(zip(srads, model. trainable_variables))
Witk S
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layers.Dense(64, activation='signoid’),
layers.Dense(10, activation="softax")

»
i
nodel. conpile(optinizer=keras..optinizers.SGD(),

Lossekeras. losses. SparseCategoricalCrossentropy(),
metrics=[accuracy'1)
AR, (RIS 56 R
history = model. Fit(x_train, y_train, batch_size=256, epochs=100, validation_split=
0.3, verbose=0)
AR, V1% 100 2%
plt.plot (history. history[ accuracy'1)
plt.plot(history. historyC 'val _accuracy')
plt. Legend(["training’, ‘validation'], loc="upper left’)
plt.shon()
result = model evaluate(x_test, y_test)
TENR
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train_acc_metric(y_batch._train, logits)
il
if step % 200 = 0:

print(‘Training loss (for one batch) at step Xs: ¥s' X (step,

Float(loss._value))
print(’Seen so far: #s samples’ % ((step + 1) * 64))
R BEO
train_acc = train_acc_metric.result()
print(‘Training acc over epoch: %s’ % (float(train_acc),))
AR B
train_acc_netric. reset_states()
i
for x_batch_val, y_batch.val in val_dataset:
val_logits = model (x_batch_val)
val_ace_metric(y_bateh_val, val_logits)
val_ace = val_ace_metric.result()
val_acc_netric. reset_states()
print(*Validation acc: %s' % (float(val_acc),))
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ingort ssl

#1 TensorFlow JyHERlHAE Keras

From tensorflon inport keras

From tensorflow.keras inport layers

FHARBACTIL

inport matplotlib.pyplot as plt

ss1._create_default_https_context = ss1._create_unverified_context

#5 AR A RIS

(train_inages, train_labels), (test_inages, test_labels) = keras.datasets. fashion_
mnist.load_data()

HEHHTL

class_nanes = ['T-shirt/top’, ‘Trouser", "Pullover’, 'Dress’, ‘Coat',

‘Sandal’, 'Shirt’, 'Sneaker’, 'Bag’, "Ankle boot']
AL





OEBPS/Images/CmQUOV9jc-uEMnrAAAAAALN5z0o453020948.jpg
inport ssl

#LL TensorFlow Jy MERHHIAL Keras

fron tensorflow iport keras

from tensorflow.keras import layers

FPABLILT I

inport matplotlib.pyplot as plt

ss1._create_default_https_context = ss1._create_unverified_context

ARATATF A IIHRRIE

(train_inages, train_labels), (test_images, test labels) = keras.datasets.fashion.
mist. load_data()

AR TARH RN

plt.figure()

plt. inshow(train.inages(0))

plt.colorbar()

Pt grid(False)

plt. show()
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loss_fn = keras. losses. SparseCategoricalCrossentropy ()
A WRECH
batch_size = 64
train_dataset = tf.data.Dataset. fron.tensor_slices((x_train, y_train)
train_dataset = train_dataset. shuffle(buffer_size=1024) batch(batch._size)
AR
for epoch in range(3):
print(‘epoch: ', epach)
for step, (xbatch_train, y_batch_train) in enumerate(train_dataset)
it ST
with tf.GradientTape() as tape:
Logits = model(x_batch_train)
Toss._value = loss_fn(y_batch_train, logits)
grads = tape gradient(loss_value, model. trainable_variables)
optimizer . apply_gradients(zip(grads, model. trainable_variables))
if step % 200 == o
print(‘Training loss (for one batch) at step %s: ¥s'
% (step, float(loss_value)))
print('Seen so far: %s samples’ X ((step + 1) * 64))
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inport ssl
4L TensorFlow ILREHEL Keras.

from tensorflow nport keras

from tensorflow.keras import layers
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iimport ssl
a5 SsL Bk

fron tensorflow import keras

fron tensorflow.keras iport layers
#5|A TensorFlow, Keras Bk

inport matplotlib.pyplot as plt
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Training loss (for one batch) at step : 2.3312125205993652
Seen so far: 64 samples

Training loss (for one batch) at step 600: 2.308372974395752
Seen so far: 38464 sanples





OEBPS/Images/CmQUOF9jc_aETOFXAAAAADcRGkI543935188.jpg
#3| A matplotlib.pyplot nlBLILHLH
_create_default_https_contex

ss1._create_unverified_context
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_dataQ)
25 A INIST B

p1t. inshon(x_trainfol)

plt. show()

S
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I

model. fit(x_train, y_train, batch_size=32, epochs=1)
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#EL TensorFlow X JERHHIEL Keras

inport ss1

from tensorflow import keras

fron tensorflow.keras inport layers

FEABATIL

inport natplotlib.pyplot as plt

1 TS HTTPS IR, TS IAIE 15

ssl._create_default_https_context = ssl._create_unverified_context

(x-train, y_train), (x_test, y_test) = keras.datasets.mnist.load_data()

x_train = x_train.reshape([x_train. shape[o], ~11)

X_test = x_test. reshape([x_test. shapel0], -11)

5 NIST S

model = keras. Sequential (U
Tayers.Dense(64, activatior
Layers.Dropout (0.2),
layers.Dense(84, activation='relu’),
Layers. Dropout(6.2),
Layers.Dense(64, activation='relu’),
Layers.Dropout (6.2),
Layers.Dense(10, activation='softnax")

“relu’, fnput_shape=(784,)),

»
AR dropout ST, ABIHORITMLY 0.2
model.conpile(optimizer=keras. optinizers. Q)
Loss=keras. losses. SparseCategoricalCrossentropy(),
netrics=["accuracy'])
[t
history = model. fit(x_train, y_train, batch_size=256, epochs=100, validation_split=
0.3, verbose=0)
AT, 0% 100 %
pIt.plot(history. history( ‘accuracy’])
plt.plot (history. history[ 'val_accuracy'])
plt.legend(("training’, ‘validation'], loc='upper left’)
Pt show()
result = nodel. evaluate(x_test, y_test)
HTAR R
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Train on 50000 samples
50000/50000 [ - 65 119us/sample - loss: 2.3579 -
sparse_categorical_accuracy: 0.1125 - std_of_activation: 0.3083
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10000/10000

- @s 42us/sample - loss: 1.0328 - accuracy:
0.6482
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class_nane

['T-shirt/top’, 'Trouser’, 'Pullover’, ‘Dress’, 'Coat’,
'Sandal’, 'Shirt’, 'Sneaker’, ‘Bag’, ‘Ankle boot']
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#31A Tensorf Low B A T Tensorf low Kk Keras
from __future__ inport absolute_inport, division, print_function
import. tensorflow as tf

inport. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

R TF FSPOIEE R, ATy T e AL
tF.keras.backend. clear._session()

A ATATERI IATRGRI

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.1oad_data()
X_train = x_train.reshape(60000, 784).astype('loat32’) /255
X_test = x_test.reshape(10000, 784).astype(’floati2") /255

x.val = x_train(-10000:]
yoval = y_train(-10060:]
x_train = x_train(:-1000]

y_train = y_train(:-10000]
XA R
class etricLoggingLayer (layers.Layer):
def call(self, inputs)
Self.add_metric(keras.backend. std(inputs),
name="std_of_activation’, aggregation='nean’)
return inputs
#5i X Keras # i, JHHFILE DA
inputs = keras. Input(shape=(784,), name="mnist_input")
UL W 2
1 = Tayers.Dense(64, activation="relu’) (inputs)
h2 = layers.Dense(64, activation="relu’) (1)
outputs = layers.Dense(10, activation='softaax")(h2)
s
model = keras.Hodel(inputs, outputs)
HECH KRBT metric
model add_netric(keras.backend. std(inputs),
nane="std_of activation’, aggregation="nean’)
HECHEMELE BN Loss
model. add_loss(tf . reduce_sun(h1)#8.1)
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import sl
4L TensorFlow JyAEREHIE Keras
fron tensorflow inport keras
from tensorflow.keras import layers
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#L) TensorF low Jj MaHO3L Keras
import numpy as np.
fron tensorflow inport keras
Fron tensorflow.keras inport layers
From tensorflow.keras. wrappers. scikit_learn inport KerasClassifier
fron sklearn.ensenble inport VotingClassifier
fron sklearn.metrics import accuracy_score
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
x_train = x_train.reshape([x_train. shape(0], ~11)
X_test = x_test.reshape([x_test..shape(0], -11)
#EA INIST S
def mlp_nodel )
model = keras. Sequential (L
layers.Dense(64, activation='relu’, input_shape=(784,)),
Layers.Dropout(9.2)

Layers.Dense(64, relu’),
Tayers.Dropout(9.2),

layers.Dense(64, activation='relu’),
layers.Dropout(0.2),

Layers.Dense(10, activation='softnax")

»
nodel. conpile(optinizer=keras. optinizers.SED0),
Joss=keras. losses. SparseCategoricalCrossentropy(),
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SR BRRSSY

model..conpi le (opt imizer=keras. opt inizers. RHSprop(),
loss=keras. losses. SparseCategoricalCrossentropy().
netrics=[keras.metrics. SparseCategoricalAccuracy()])

g

model. fit(x_train, y_train, batch_si;

2, epoch:

1, validation_split=0.3)
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#EAMBA T

inport matplotlib.pyplot as plt

ss1._create_default _https_context = ssl._create._unerified_context

SSALRATF R WA

(train_images, train_labels), (test_images, test_labels) = keras.datasets.fashion_
nnist. load_data()

FRALRI, (05 70000 IR, 101K

print(train_images. shape)

print(train_labels. shape)

print(test_inages.shape)

Iprint(test 1abels shape)
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inport sl

#1 TensorFlow JyMERHKIAE Keras

Fron tensorflow inport keras

From tensorflow.keras inport layers

FFABELTI

import matplotlib.pyplot as plt

ss1._create_default_https_context = ssl._create_unverified_context

AR NI

(train_inages, train_labels), (test_inages, test_labels) = keras.datasets.fashion.
mist.load_data()

R NIRRT FE

print(train_labels, test_labels)

1

PIt. inshou(train._inages[0]. reshape(28, 28))

plt. show()
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#3| A TensorFlow BLJJF M ¥ TensorF low KL Keras
fron __future__ inport absolute_import, division, print_function
import tensorflow as tf
inport. tensorflow.keras as keras
inport. tensorflow.keras. layers as layers
IR Y TF PP GISE AR, BT TN B L
tf.keras.backend. clear_session()
FRATI R ISR
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
X_train = x_train.reshape(60900, 784).astype('float32") /255
x_test.reshape(10000, 784).astype(*float32’) /255
x_train(-10000:]
y_train(-10000:]
x_train(:-10000]
y_train(:-10000]
R XA /A MBI metric
class MetricLoggingLayer (layers. Layer):

def call(self, inputs):

self.add_metric(keras.backend. std(inputs)
name="std_of _activation’, agaregation="mean’)
return inputs

50X Keras #fk, JHHFILA DA
inputs = keras. Input (shape=(784,), name="mnist_input")
5 UG
ht = layers.Dense(s4, activation="relu’)(inputs)
M = MetricloggingLayer()(h1)
I = layers.Dense(64, activati

relu’) ()

outputs = layers.Dense(10, activation="sof tnax") ()
sty
model = keras.Hodel(inputs, outputs)

SRR, SRS BE
nodel.conpi Le(optini zer=keras optimizers RHSprop(),
loss=keras. losses. SparseCategoricalCrossentropy(),
netrics=[keras.metrics. SparseCategoricalAccuracy()1)
AR

model. fit(x_train, y_train, batch_si:

2, epoch:

1)
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»
ARG TG, JUESE0U Layers Batchornalization()
model.conpi Le(optimi zer=keras. opt inizers. S(),
Loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=['accuracy’])
R
history = model. fit(x_train, y_train, batch_size=256, epochs=100, validation_split=
0.3, verbose=0)
AR, U4 100 2
Pt plot (history. history[ ‘accuracy'1)
plt.plot(history. history[ 'val_accuracy1)
plt.legend([ ' training’, ‘validation'], 1
plt.show()
result = nodel. evaluate(x_test, y_test)
TEG IR
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Train on 50000 samples
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ounloading data from https://storage. googleapis. con/tensor flow/tf-keras-datasets/
train-labels-idx1-ubyte.gz

32768/29515 - o 2us/step.

Downloading data fron htps: //storage. googleapis. con/tensor flow/tf-keras-datasets/
train-inages-idx3-ubyte.gz

26427392/26421880

- 738 3us/step
Downloading data from https: //storage. googleapis. con/tensorflow/tf-keras-datasets/
10k-labels-idx1-ubyte. gz
8192/5148 - 05 ous/step
Downloading data from https://storage.googleapts. con/tensorflow/tF-keras-datasetss
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50000/50000 - 55 99us/sample - loss: 9.3021 - sparse_
categorical_accuracy: 0.9123 - std_of_activation: 1.0142
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10k-inages-idx3-ubyte.gz
4423680/4422102 - 135 3us/step
900..3051[921...815)
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1 - 05 38us/sanple - loss: 0.1807 - accuracy:
0.9463
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#3| A TensorFlow B JF 4§ TensorF low I3 Keras
fron _future_ inport absolute_import, division, print_function
inport. tensorflow as tf
import. tensorflow.keras as keras.
import. tensorflow.keras. layers as layers
G ) TF I OIAE R R T S B RPL
tf.keras.backend. clear_session()
FRATGRAR IR
(x_train, y_train), (x.test, y_test) = keras.datasets.mist.load_data()
X_train = x_train. reshape(60009, 784).astype('float32") /255
X_test = x_test.reshape(10000, 784).astype(’loat32') /255
X_train(-10000:]
y_val = y_train-10000:]
x_train = x_train(:-10000]
y-train = y_train[:-10000]
IR
class MetricLoggingLayer (layers.Layer):

def call(self, inputs):

self.add_metric(keras. backend. std(inputs) ,
nane=std_of _activation’, aggregation="nean’)
return inputs

52 X Keras H I, JHHFIE DA
inputs = keras. Input (shape=(784,), name="mist_input')
5 I b1 02
I = layers.Dense(64, activation=

relu’) (inputs)
h2 = Tayers.Dense(64, activation='relu’)(h1)

outputs = layers.Dense(10, activation='softnax') (h2)
st
nodel = keras.Hodel (inputs, outputs)

HECE KRB metric

nodel add_metric(keras_backend. std(inputs),
nane="std_of _activation’, aggregation='mean’)

HECHHRITBAIE Loss

model.add_loss (tf. reduce_sun(h1)#0.1)

SRALBUTE. SRS B

nodel.conpi le(optimi zer=keras. optimizers RHSprop(),
Lossskeras. losses. SparseCategor icalCrossentropy(),
metrics=[keras.metrics. SparseCategoricalAccuracy()])
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[0.6481571]
[0.60166961]
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metrics=['accuracy'])
return nodel

#iT— dropout Jy 0.2 MALREBLAY
nodell = KerasClassi fier (build_fn=alp_model, epochs=100, verbos
nodel2 = KerasClassifier (build_fn=slp_nodel, epochs=100, verbose=0)
nodel3 = KerasClassifier (build_fn=slp_nodel, epochs=190, verbose=0)
#10H] KerasClassifier, WU IERIBUIIRM BT

ensenble_c1f = VotingClassifier (estinator

(model", model1), (‘model2, model2), (‘model3’, model3)
1, voting='soft")

ensenble_clf.fit(x_train, y_train)

y_pred = ensemble_clf predict(x_test)
print(‘acc: ', accuracy_score(y_pred, y_test))
SRR
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Train on 35000 samples, validate on 15000 samples.
35000/35000 [ ) - 55 157us/sample - loss: 2.3698 -

sparse_categorical_accuracy: ©.1145 = std_of activation: 0.3085 - valloss: 2.3020 -

val_sparse_categorical_accuracy: 9.1117 - val_std of_activation: ¢.3673
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(60000, 28, 28)
(60000,
10000, 28, 28)
(10000,)
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#3|A Tensorf low BUSUF Ik 1 TensorF low 1k Keras

fron __future__ import absolute_inport, division, print_function
import. tensorflow as tf

import. tensorflow.keras as keras

import. tensorflow.keras. layers as layers.

A0 TF PSFOISE MU Ry T e AL
tf.keras. backend. clear._session()

AR AT IR

(x_train, y_train), (x_test, y.test) = keras.datasets.mist.1oad_data()
x.train = x_train.reshape(60000, 784).astype(’float32’) /255
X_test = x_test.reshape(10000, 784).astype('float32") /255

x.val = x_train(-10000:]
yoval = y_train{-10060:]
x_train = x_train:-10000]

y_train = y_train:
AR IR
inputs = keras. Input (shape=(784,), name='digits’)

x = layers.Dense(64, activations'relu’, name='dense_1')(inputs)

X = layers.Dense(64, activatior name="dense_2") ()

outputs = layers.Dense(10, activation="softaax", nane='predictions’)(x)
model = keras.Model(inputs=inputs, outputs=outputs)

AL

optiizer = keras.optinizers.SGD(learning_rate=le-3)

T

108001

rrelu’
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acc: ', ©.955)
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#6L TensorFlow Jy JRHHIEL Keras
inport ss1

fron tensorflow import keras

fron tensorflon.keras inport layers
FEABIBLTI

inport matplotlib.pyplot as plt
1 TIEHTIPS BN, 5 S 15

ssl._create_default_https_contex _create_unveri fied_context
(xtrain, y_train), (x.test, y_test) = keras.datasets.mist. lood_data()
x_train = x_train.reshape(Lx_train.shape(®], -11)
X test = x_test.reshape(Dx_test. shape(©], ~11)
R NIST Bl
model. = keras. Sequential ([
Tayers. Dense(54, activation="signold’, input_shape=(784,)),
Rayecs.Duisn(ed, activation=’igwold’)s
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2.0.0-re2
(60000, 784)  (60000,)
(10000, 784)  (10000,)
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#EA TensorFlow Jy Mkl 4l Keras.
inport. tensorflow as tf

inport. tensorflow.keras as keras

inport. tensorflow.keras. laers as layers

fron TPython.display import SVG

#HTE) TensorFlow fitA:

print(tf. _version_)

#G AT IR

(x-train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
X_train. reshape((-1, 28+28)) / 255.0

x_test.reshape((-1, 28+28)) / 255.0

x_trail
x_test
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Layer (type) Output Shape Param #

digits (InputLayer) [(None, 78] o
dense_1 (Dense) (ore, 66) 50240
dense_2 (Dense) (ore, 64) 4160
predictions (Dense) G, 10) 3

Total parans: 55,050
Trainable params: 55,050
Non-trainable parans: 0

Train on 60000 sanples
60000/60000

- 35 49us/sample - loss: 0.3087
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#31 A TensorFlow B § TensorF low 3L Keras
fron __future__ inport absolute_import, division, print_function
inport. tensorflow as tf
inport. tensorflow.keras as keras
import. tensorflow.keras. layers as layers
SR Y TF RSO ER, fA0) T I BRI
tF.keras.backend. clear_session()
#9A Numy U
inport nunpy as np.
a5 UK
Class ThreeLayerMLP(keras. Hodel)
def __init__(self, name=None):
super (ThreelayerMLP, self).__init__(nane=name)
Self.dense_1 = layers.Dense(64, activation="relu’, name='dense_1')
Self.dense_2 = layers.Dense(64, activation="relu’, name='dense.2')
self pred_layer = layers.Dense(10, activation="softaax, name='predictions’)
def call(self, inputs):
self.dense_1 (inputs)
self.dense_20x)
return self.pred_layer(x)
def get_node1()
return ThreeLayerHLP(nane="3_layer_alp')
S LB
model = get_nodel()
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code_din = 32
SN

inputs = layers. Input(shape=(x_train. shape(1],), nane="inputs’)

code = layers.Dense(code_din, activation='relu’, nane='code’)(inputs)

outputs = layers.Dense(x_train.shape[1], activation='softnax’, name='outputs)

(code)

A AR
auto_encoder = keras. Hodel(inputs, outputs)
auto_encoder. sumsry()
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Model: * model *

Layer (type) Output Shape Paran #

inputs (Inputtayer) C(Noe, 7841 o
code (Dense) (None, 32) 25120
outputs (dense) (None, 784) 25872

Total parans: 50,992
Trainable params: 50,952
Non-trainable params: @
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accuracy: 0.6450 - val_loss: 0.5117 - val_accuracy: 0.8953

Epoch 5/5
54000/54000 [ 1 - 135 244us/sample - loss: 9.0685 -
accuracy: 0.9787 - val_loss: 0.1121 - val_accuracy: 9.9718
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model..conpile(loss='sparse_categorical crossentropy’,
optinizer=keras.optimizers. WSprop())
e
history = modeL.fit(x_train, y.train, batch_size=64, epochs=1)
b
predictions = nodel. predict(x.test)
S5 Nnpy Blsk
inport. rumpy a5 1p
SHSHIORIRA ) son B3
Json_config = model.to_json()
ST 3son FIEEHTALY
reinitialized nodel = keras.models. model_from._json(json_config)
TR
new_prediction = reinitiolized nodel. predict (x_test)
ST
if abs(np.sun(predictions-nen_prediction)) > @ ¢
print (" s samel *)
else:
print (" not same!
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inport ssl
#51 ssL
fron tensorflow import keras
from tensorflow.keras inport layers
#51A TensorFlow. Keras itk
import matplotlib.pyplot as plt
#5IA matplotlib. pyplot AIALILB:
ssL._create_default_https_context = ssl._create_unverified_context
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
A NIST B
model = keras. Sequential()
SIS
modeladd(Layers. Conv2D(input._shape=(x_train. shape0], x_train. shape[1]
X_train.shape(2]), Filters=32, kernel_size=(3,3)
strides=(1,1),padding="valid", activation="relu"))
#H convad HEL 1 B
modeladd(1ayers. MaxPool 20(pool_si:
S 1 pool_size=(2, M HKILILL
model.add(1ayers. Flatten())
SAFRANCT, AWML, XTI chanels_last
model add(layers.Dense(32, activation='relu'))
ey
model add(layers.Dense(10, activation='sof tnax"))
B BSR4
model.conpi le optinizer=keras. optinizers.Adan(),
Loss=keras. losses. SparseCategoricalCrossentcopy(),
netrics=’accuracy’])
RO
history = model. fit(x_train, y_train, batch_size=64, epochs=S, validation_split=0.1)
#ill 5 %
plt.plot(history. history[ 'accuracy'1)
plt.plot(history.history[ 'val_aceuracy'])
plt. Legend(['training’, 'valivation'], loc=!
plt. shon()
iU

2,2))

upper left')
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Model: " 7.5_test"

Layer (type) Output Shape Paran

digits (InputLayer) C(None, 78] o

dense_1 (Dense) (one, 64) 50240

dense_2 (Dense) (Hone, 64) 4160

predictions (bense) (Nore, 10) 650

Total parans: 55,050
Trainable parans: 55,050
Non-trainable parans: 0

Train on 60000 samples
60000/60000
15 sanel

- 45 Sous/sample - loss: 0.2959
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#3| A Tensorflow B F K § TensorF low H13L Keras
fron _future__ inport absolute_import, division, print_function
inport tensorflow as tf
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#EL TensorFlow Jy JRHHIEL Keras
inport. tensorflow as tf

inport. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

fron TPython.display inport SVG

HTE TensorFlow fiiA:

print(tf. _version_)

(x_train, y_train), (x_test, y.test) = keras.datasets.mist.1oad_data()
X_train = x_train.reshape((-1, 28428)) / 255.0.

X_test = x_test.reshape((-1, 28+28)) / 255.0

print(x_train.shape, ' ', y_train.shape)

print(x_test.shape, * ', y_test.shape)
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inport tensorflow.keras as keras

import. tensorflow.keras. layers as layers

L) TF PR OIEE R BRI T I B

tf.keras. backend. clear_session()

458X, Keras 3K, JEHF I 0AA

inputs = keras. Input (shape=(784,), name="digits')

[erTes

X = laers.Dense(64, activation

X = layers.Dense(s4, activatic

outputs = layers.Dense(10, activation="softmax’, na

sty

model = keras.Model (inputs=inputs, outputs=outputs, nave="

SR

nodel. sumary()

HRATRI R VIR

(x_train, y_train), (xtest, y_test) = keras.datasets.mist.load_data()

X_train = x_train.reshape (60000, 784).astype(float32’) / 255

X_test = x_test.reshape(10000, 784).astype('float32’) / 255

LB B

nodel.conpi Le(loss="sparse_categorical crossentropy’,
optinizer=keras.optimizers.RHSprop())

sl

history = model. fit(x_train, y_train, batch_size=64, epochs=1)

SR

predictions = nodel. predict(x.test)

A Numpy Btk

import numpy as np

SRIGAZ0 B Al

weights = model.get_weights()

nodel. set_weights(eights)

BN

config = nodel. get_config()

weights = model.get_veights()

new_nodel. = keras.odel. fron_config(config)

config KNI keras.Model ) APT

new_niodel. set_weights (weights)

SR B

new_predictions = nen_nodel.predict (x_test)

S A

np. testing.assert_allclose(predictions, new_predictions, atol

elu’, name="dense_1") (inputs)
elu’, name="dense_2") (x)
predictions’) (x)
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#3I A Tensorflow B Ji-1 T TensorFlow Hyil Keras

from __future__ inport absolute_import, division, print_function
inport. tensorflow as tf

import. tensorflow.keras as keras

import. tensorflow keras. layers as layers

A ) TF QIR R, B TR e BRI AL
tf.keras. backend. clear_session()

4 X Keras I, JHAFILEHBA

inputs = keras. Input(shape=(784,), nane="digits")
R
X = layers.Dense(4, activati fense_1) (inputs)

X = layers.Dense(s4, activati
outputs = layers.Dense(10, activation='softnax’, nane=
i
model = keras. Model (inputs=inputs, outputs=outputs, nane='
PR Y
podel. sumary()
A AT AR I
(x_train, y_train), (x_test, y_test) = keras.datasets.mist. load_data()
X_train = x_train.reshape(60000, 784).astype('float32’) / 255
X_test = x_test.reshape(10000, 784).astype('Float32') / 255
GRS
model. compile(loss="sparse_categorical_crossentropy’

optimizer=keras. optimizers. RHSProp()).
A
history = model. Fit(x_train, ytrain, batch_size=
AR
predictions = model.predict (x_test)
75\ Nomy L
import numpy as mp
RIS 7 BURRI (09 Python . BB T LR config {11
config = model..get_config()
A B BT S B
reinitialized_nodel = keras, Model. fron_config(config)
AR
new_prediction = reinitialized nodel.predict(x_test)
AR SR 5
if abs(op. sun(predictions-new_prediction)) > @

print (" is sane! *)
else:

print (" not samel *)

fense.2') (x)
predictions’) (x)

5_test)

. epachs=1)

Al
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inport ssl
LA SsL B
fron tensorflow import keras
from tensorflow.keras import layers
#3IA TensorFlow, Keras FiJk
inport matplotlib.pyplot as plt
#3|A natplotlib.pyplot W FLILH
ssl._create_default_https_context
(x_train, y_train), (x_test, y_test) = keras.datasets.mnist. load_data()
29N ST A
nodel = keras.Sequential()
ST B
nodel.add(layers. Convz0(input._shape=(x_train. shape[0], x_train.shape[1],
x_train.shape(2]), filters=32, kernel_size=(3,3)
strides=(1,1),padding="valid", activation="relu"))
1] convad HLA B
rodel add(layers. HaxPool 20(pool._si
#3eH1 pool_size=(2, ) L KibHE)
nodel add(layers. Flatten())
AERAREE, AR KU HIBRA channels_last
nodel.add(layers.Dense(32, activation='relu’))
(72
model.add(layers. Dense(10, activation='softnax"))
SR ST
nodel.conpi Le (opt ini zer=keras. opt inizers. Adan() ,
loss=keras. losses. SparseCategoricalCrossentropy()
metrics=[accuracy])
AR
history = model.fit(x_train, y_train, batch_size=64, epochs=5, validation_split=0.1)
s %

ss1._create_unverified_context

2,2))
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Model: "7.5_test

Layer (type) Output Shape Paran &

digits (InputLayer) C(None, 784)] °

dense_1 (Dense) (None, 64) s0240

dense_2 (Dense) (Nore, 64) 4160

predictions (Dense) (Nore, 10) 650

Total parans: 55,050
Trainable parans: 55,050
Non-trainable parans: 0
Train on 60000 sanples

50000/60000

] - 45 59us/sanple - loss: 0.2959





OEBPS/Images/CmQUOV9jc_eELlmUAAAAAOKtBFI729820075.jpg
Train on 54000 samples, validate on 6000 samples
Epoch 175,
54000/54000

] - 14s 268us/sample - loss: 1.2469 -
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#31 X Tensorflow BLJF 4 ¥ TensorF low K13 Keras

fron _future__ import absolute_import, division, print_function
import. tensorflow as tf

inport. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

SR TF OISR A I BRI
tF.keras.backend. clear_session()

#5025 Keras 3k, I ICHDAA

inputs = keras. Tnput (shape=(784,), nane="digits’)

atyifas

X = layers Dense(64, activation='relu’, name="dense_1")(inputs)

X = layers.Dense(64, activation="relu’, name='dense_2")(x)

outputs = layers.Dense(10, activation='softmax’, name="predictions’)(x)
sk

model = keras. Model (inputs=inputs, outputs=outputs, na
SR

nodel sumary()

2 ATEAT AR

(x_train, y_train), (xtest, y_test) = keras.datasets.mist.1oad_data()
X_train = x_train. reshape(60000, 784).astype('float32’) / 255

X_test = x_test.reshape(10000, 784).astype('float32’) / 255

LB B

7.5 test")
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x_train.shape[2]), filters
strides=(1,1), padding

1 convad KL BUR

odel.add(layers. HaxPool 2D(pool_si

S H1 pool_size=(2, )AL

nodel. conpi Le(optimizer=keras. optimizers.Adam(),
Loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=[ accuracy'])

R

model. sumnary ()

W A RO

2,2)))
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#3| A TensorFlow BLJF 4§ TensorF low K4 Keras

fron _future_ import absolute_import, division, print_function
import. tensorflow as tf

inport. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

SR TF OISR AT T I B
tF.keras.backend. clear_session()

52X Keras 3, JHHFICH DA

inputs = keras. Tnput (shape=(784,), nane='digits’)

st

X = layers Dense(64, activation='relu’, name="dense_1")(inputs)
X = layers.Dense(64, activation='relu’, nase="dense_2")(x)
outputs = layers.Dense(10, activatio
ki

nodel = keras.Model (inputs=inputs, outputs=outputs, na
SR

nodel. sumary()

25 AR R IR

7.5 test”)

*softmax’, name="predictions") (x)
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Model: " sequential *

Layer (type) Output Shape Paran #

convad (ConvzD) (Hone, 26, 26, 32) 20

nax_pooling2d (MaxPooling20) (None, 13, 13, 32) °

Total parans: 320
Trainable parans: 320
Non-trainable parans: 0
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import ssl
a5l ssL ik

from tensorflow import keras

fron tensorflow.keras inport layers

#51A TensorFlow, Keras fif

import matplotlib.pyplot as plt

#5|A matplotlib.pyplot ALK

ss1._create_default_https_context = ssl._create_unverified_context
(x_train, y_train), (x_test, y_test) = keras.datasets.mnist.load_data()
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(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()

X_train = x_train. reshape(60000, 784).astype('float32’) / 255
X_test = x_test.reshape(10000, 784).astype('float32’) / 255
AHILB B E

nodel. conpi le(loss="sparse_categorical crossentropy’,
optinizer=keras.optimizers. RHSprop())

SR

history = model.fit(x_train, y_train, batch_size=64, epochs=1)
g

predictions = nodel.predict(x_test)

SR ER

print (predictions)

#EA Nurpy BiKk

import nunpy as np.

HFBULER( ) Savedodel

keras. experinental..export_saved_odel (sodel, 'saved_model")
MR AR

new_niodel = keras. experinental . 10ad_froa_saved_model (*saved_model’)
SRR BT

new_prediction = new_nodel.predict(x_test)

YA SO SR, 280

np. testing.assert_allclose(predictions, new_prediction, atc

e-6)
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#EA MNIST

x_train = x_train.reshape((-1,28,28,1))

X_test = x_test.reshape((-1,28,28,1))

odel. = keras. Sequential()

BB

modeladd(1ayers. ConvaD(input_shape=(x_train. shape[0],x_train. shape[1],
x_train.shape(2]), filters=32, kernel size=(3,3),
strides=(1,1),padding="valid" , activation='relu"))

#4801 convad HUEL B B

model add(1ayers. MaxPool 2D(pool_size=(2,2)))

#11 pool_size=(2, M RKIILLE

model.add(layers. Flatten())

AR, ALK b. KT chanels_last

model.add(layers.Dense(32, activation='relu’))

(e
modeladd(layers.Dense(10, activation="'sof tnax"))
BEIREL, MR

model. compi le (optimizer=keras. optinizers.Adan(),
Toss=keras. losses. SparseCategoricalCrossentropy(),
metrics=*accuracy’])

iR

model. summary ()

S A R
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Model: 7.

test "

Layer (type) Output Shape Paran 7

digits (InputLayer) C(hone, 78] o

dense_1 (Dense) (ore, 64) 50240

dense_2 (Dense) (None, 64) 4160
predictions (bense) (Nore, 10) 650

Total parans: 55,050
Trainable parans: 55,050
Non-trainable parans: 0

Train on 60000 samples
60000/60000

- 35 S5us/sample - loss: 0.3152
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import ssl
a5l ssL R

from tensorflow import keras

fron tensorflow.keras inport layers

#51A TensorFlow, Keras fif

import matplotlib.pyplot as plt

#5IA matplotlib.pyplot ALK

ss1._create_default_https_context = ssl._create_unverified_context
(x_train, y_train), (x_test, y._test) = keras.datasets.mnist.load_data()
£ ST S

x_train = x_train.reshape((-1,28,28,1))

X_test = x_test.reshape((-1,28,28,1))

model = keras. Sequential ()

SR
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Layer (type) Output Shape Paran #

digits (InputLayer) CCNone, 784)] o
dense_1 (Dense) (Hone, 64) 50240
dense_2 (Dense) (Hone, 64) 4160

predictions (dense) (Hone, 10) 650

Total parans: 55,050
Trainable params: 55,050
Non-trainable parans: @

Train on 60000 samples

60000/60000 - 35 S5us/sanple - loss: 0.3117
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#3| A TensorFlow B § TensorF low H3L Keras

fron __future__ inport absolute_import, division, print_function

inport. tensorflow as tf

import. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers

L) TF OISR R Tl USRI AL

tf keras. backend. clear_session()

52 5 Keras 3, AL DA

inputs = keras. Input (shape=(784,), nane='digits’)

P

Tayers Dense(64, activation='relu’, nase="dense_1")(inputs)

layers.Dense(64, activation='relu’, nase="dense_2')(x)

outputs = layers.Dense(10, activation='softmax’, name="predictions’)(x)

ki

model = keras.Hodel (input

SR

nodel. sumary()

2 ATEATR AN

(x_train, y_train), (xtest, y_test) = keras.datasets.mist.load_data()

X_train = x_train.reshape(60000, 784).astype('float32’) / 255

X_test = x_test.reshape(10000, 784).astype('Float32') / 255

GRS

nodel. conpi Le(loss="sparse_categorical_crossentropy’,
optimizer=keras.optimizers. RHSprop())

SR

nputs, output 175 test")
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model.add(layers. Conv2D(input _shape=(x_train. shape(0], x_train.shape[1],
x_train.shape(2]), filters=32, kernel_siz
strides=(1,1), padding='valid', activation

1] convad HIEL B

nodel. conpi le(optini zer=keras. optimizers. Adam(),
loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=[‘accuracy'])

(v

nodel. sumary()

ol A RS
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history = model.fit(x_train, y_train, batch_size=64, epochs=1)
A

predictions = model predict (x_test)

B

print (predictions)

5 A Nonpy BLSk

inport numpy as mp

SHBUYR( ) the_save_mode1 s fF

ode1 save(’ the_save_nodel.h5")

SIBRAZ) the_save_model.hs L FiRAMEY

new_nodel = keras. models. 1oad_model(*the.save_model.h5")
NS

new_prediction = new_nodel.predict(x_test)

R

print (new_prediction)

SRS B 2

np. testing.assert_allclose(predictions, new_prediction, ate
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Model: " sequential *

Layer (type)

Output Shape Paran 7

convad (ConvzD)

(Hone, 26, 26, 32) 20

Total parans: 320
Trainable parans: 320
Non-trainable parans: O
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inport ssl
I ssL B

fron tensorflow import keras

fron tensorflow.keras import layers

45| A TensorFlow, Keras Bk

inport matplotlib.pyplot as plt

#51 A natplotlib.pyplot A FELHIH

ssL._create_default_https_context = ssl._create_unverified_context
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
A INIST ECEAC

x_train = x_train. reshape((-1,28,28,1))

x_test = x_test.reshape((-1,28,28,1))

nodel = keras. Sequential ()

I B

model. add(1ayers. Conv2D(input_shape=(x_train. shape[8],x_train. shape[1],
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Model: 7.5 test”

Layer (type) Output Shape Paran 7

digits (InputLayer) C(None, 786)] o

dense_1 (Dense) (None, 64) 50240

dense_2 (Dense) (Hone, 64) 4160

predictions (Dense) (Hone, 10) 650

Total parans: 55,050

Trainable parans: 55,050

Non-trainable parans: O

Train on 60000 samples

60000/60000 - 35 Slus/sanple - loss: 0.3091

[12.927017250-06 2.99165276e-06 5.590281220-05 ... 9.93639290-01
1.23887032-04 2.07889636e-04]

[2.846344146-04 1.352858820-04 9.82001007e-01 ... 3.05208125-09
7.95908636e-05 2.72367533¢-081

[2.700782726-05 9.840266700-01 2.21077469¢-03 ... 1.07535403-02
3.86661210e-04 1.92504511e-04]
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#3| A TensorFlow B JF A § TensorF low 3 Keras

fron _future_ import absolute_import, division, print_function

inport tensorflow as tf

inport. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

SR Y TF FRJFOISE I, A0 A I B

t.keras.backend. clear_session()

52  Keras 3k, AL DA

inputs = keras. Tnput (shape=(784,), nane='digits’)

s

Tayers Dense(64, activation='relu’, name="dense_1')(inputs)

X = layers.Dense(64, activation='relu’, nase="dense_2")(x)

outputs = layers.Dense(10, activation='softmax’, name="predictions’)(x)

ki

model = keras. Model (inputs=inputs, outputs=outputs, na

SR

nodel. sumary()

#GATRICT NIRR A

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()

X_train = x_train. reshape(60000, 784).astype('Float32’) / 255

X_test = x_test.reshape(10000, 784).astype('loat32") / 255

SRS

nodel. conpi le(loss="sparse_categorical crossentropy’,
optimizer=keras.optimizers.RSprop())

R

histors

AR

prediction:

7.5 test”)

model. fit(x_train, y_train, batch_size=64, epochs=1)

model . predict (x_test)
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Model: " sequential *

Layer (type) Output Shape Param #
convas (camaD) Core, 25, 6,30
max_pooling2d (asPooling2D) Clore, 13, 13, 3 ©

Flatten (Flatten) Clone, 5408) o

dense (oense) Gone, ) s
dense.t (Oense) G, 10) =

Total parans: 173,738
Trainable params: 173,738
Non-trainable parans: 0
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model. fit(x_train, y_train, batch_size=64, epochs=19, verbose=1)
BT, U 10 %

modelevaluate(x_test, y.test)

AT R, DUBURA L

print(model. metrics_names)
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def one_hot_cat_column(feature_nane, vocab):
return tf. feature_colum. indicator_colum(
¢F. feature_colum. categorical_colum_wi th_vocabulary_list(feature_nane, vocab))
XA R A 193
Feature_colums = [1
for feature_name in CATEGORICAL_COLUMNS:
PSS IS one-hot BRI, A AR
Vocabulary = df_train(feature_nanel..unique()
feature_coluans. append(one_hot_cat_column(feature_nane, vocabulary))
for feature_nane in NUMERIC_COLUMNS:
AR Y FTEAS
feature_coluans. append(tf  feature_column. numer ic_column(feature_nane,
dtype=tf. float32))
RIS AR
NUM_EXAMPLES = len(y._train)
AR
def nake_input_fn(X, y, n_epochs=None, shuf fle=True)
def input_fn()
dataset = tF.data.Dataset. fron.tensor_slices((dict(X), ¥))

il
if shuffle:

dataset = dataset. shuffle(NM_EXAVPLES)
S R TR RS

dataset = dataset. repeat(n_epochs)
dataset = dataset_batch(NUM_EXAMPLES)
return dataset
return input_fn
A TR RN R, [EHHE TS AL RSO B
train_input_fin = make_input_fn(df_train, y_train)
eval_input_fn = make_input_fn(df_test, y_test, shuffle=False, n_epochs=1)
#{41] Boosted Trees
n_batches = 1
est = tF_estimator.BoostedTreesClassifier (feature_colums,
n_batches._per_layer=n_batches)

s

est. train(train_input_fn, nax_steps=100)
il

result = est.evaluate(eval_input_fn)

print(
print(pd. Series(result))
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#L) TensorF low Jy IERHHIEL Keras
import. ss1

inport. tensorflow as tf

inport matplotlib.pyplot as plt

fron tensorflow import keras

fron tensorflow.keras import layers

ARG HTTPS (KSEA 1S
ssL._create_default_https_context = ss1._create_unverified_context
5L Keras 3k, I DA

inputs = keras. Input (shape=(32,32,3), name="ing’)
5T

h1 = layers.Convab(32, 3, activation='relu’) (inputs)
h1 = layers.Convab(64, 3, activation='relu’)(h1)
blockl_out = layers.MaxPooling2D(3) (1)
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£l
-1.332580
3

-1.332580

369
1.660094
375
1.660094
£
1.660094
384
1.660094
3%
1.660094

-0.869348
-1.286751
0.307270
0.774676

-0.869348
0.774676

-0.869348
-1.286751
-0.869348
-1.286751
-0.869348
-1.286751
-o.869348
0.774676

178 rows x 9 colums]

-0.789008
465148
0.351585

-0.465148

~0.798593
-0.465148
865687
2143005

-0.836932
-0.465148
-0.995874
465148
-0.721914
0465148

-0.259066
2.012852

~0.127819
-0.495225

-0.442811
~0.495225
-0.810302
-0.495225
~0.915209
2.012852

-0.994047
2.012852

~0.679055
~0.495225

-0.903250

-0.422150

-0.705359

EREE

-0.883106

-1.2148%9

-0.432815

-0.559020

a17se2

0.875068

092942

0.480693

0.050467

1.090181
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enns = [1
for size in filter_sizes.
conv = Layers. Conv2D(filter size, enbedding dinension),
strides=1, padding='valid", activation='relu’)(inn)
Layers.MaxPool20(pool_size=(sequence_length-sizes1, 1), pacding="valid')

pool
(con)

cans. append(pool)
ayers. concatenate(cnns)

outt
sty
nodel = keras. Hodel (inpu
return model
XL BB BIE R
def cn_mulfilter():
AU B
nodel = keras. Seaential ([
AR
Layers. Enbedding (input_din=nun_features, output_din=enbedding._dinension,
input_Length=sequence_length),
HERA BRI
Layers. Reshape((sequence_length, enbedding dimension, 1)),
AR
convolution(),
HERIEEZ Wi
Layers. Flatten(),
(Ze T
Loyers.Dense(10, activation="relu’),
Layers.Dropout(8.2),
Layers.Dense(1, activati

=inn, outputs=outt)

signoid’)
b))

GRS
nodel. conpile(opt inizer=keras. optinizers.Adan(),

loss=keras. losses. BinaryCrossentropy(), metrics=[accuracy'1)

return model

A BB B R

podel = crn_mulfilter()

R

wodel. summary()
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from tensorflow import keras
inport pandas as pd

inport ss1

from tensorflow.keras import layers
inport. tensorflow as tf
ssL._create_default_https_contex

ss1. _create_unverified_context

WX TR
dataset_path-keras.utils.get_file( " auto-mpg.data " , * http://archive. ics. uci..edu/
ml/machine-learning-databases/auto-mpg/auto-npg.data * )

BRI GH

column_nases = ['WPG, ‘Cylinders", 'Displacenent, "Horsepower "
“Acceleration’, 'Model Year’, ‘Origin']

HEHH

raw_dataset = pd.read_csv(dataset_path, nanes=colum_nanes,

Wedght,

na_values = " 7", coment="\t', sep=" ", skipinitialspace=True)
A BB B

dataset = ran_dataset.copy()

AR

dataset = dataset.dropna()

41 Origin HHL one-hot MY, HHHCTALBMIL e
origin = dataset pop(‘Origin’)

dataset['UsA'] = (origin == 1)x1.0
dataset['Europe’] = (origin == 2)+1.0
dataset['Japan'] = (origin = 1.0

willit Frac BB SOXMILAE, T ILIE BN
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Model: " sequential *

Paran #

Layer (type)
300000

(None, 300, 100)

enbedding (Embedding)
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5 XA I h2

h2 = layers.ConvaD(64, 3, activation='relu’, padding='same’) (blockl_out)
h2 = layers.ConvaD(64, 3, activation='relu’, padding='same’)(h2)
blockz_out = layers. add([h2, blocki_outd)

a5 X9 03

h3 = layers.Convab(64, 3, activatic
h3 = layers.Convab(64, 3, activati
blocks_out = layers, add([h3, block2_out))
5 U I b

ht = layers.ConvaD(64, 3, activati
ht = Tayers.GlobalMaxPool20() (hé)
hé = layers.Dense(256, activation="relu’) (hé)

ht = layers.Dropout (0.5) (h4)

outputs = layers.Dense(19, activation='sof tnax") (h4)

s

nodel = keras.Model (inputs, outputs)

SR

nodel. sumary()

#PATEATER AR

(x_train, y_train), (x_test, y_test) = keras.datasets.cifar10. 1oad_data()
x_train = x_train.astype('float32") / 255

x_test = y_train.astype('float32") / 255

y_train = keras.utils. to_categorical(y_train, 10)

y_test = keras.utils. to_categorical(y_test, 10)

AT R TS Y

nodel. conpi Le(optinizer=keras. optinizers. RHSprop(ie-3),

same’) (block?_out)
same’) (h3)

relu’) (blocka_out)

loss="categorical_crossentropy’, metrics=["acc’])
AT BT
model.fit(x_train, y_train, batch_size=64, epochs=1, validation_spli
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Epoch 1/10

398/398 - 05 451us/sanple - loss: 59.2639 - accuracy
0.6030

Epoch 10/10

308/398 - 05 Tous/sample - loss: 2.2104 - accuracy
0.3342

mAn 0 281us/sanple - loss: 1.3726 - accuracy:
0.4503

['loss’, ‘accuracy’]
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sceuracy 0.818182
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#randon_state ALBANLECIR T MR (HLORE RFACKILE BRALRO el 20

taset = dataset. sample(frac=0.8, randon_state=0)

RN 200 MIRA

test_dataset = dataset.drop(train_dataset. index)

train_dataset. describe()

est_dataset. describe()

PG LI BI BRIV, ATES il

train_stats.pop( " MPG ")

AR

train_stats = train_stats. transpose()

HNICARI A L PG 5. A ILTMIIN I Ay b

train_labels = train_dataset.pop(’MPG")

test_labels = test_dataset. pop('MPG")

5 XA A A

def norm(x)

return (x - train_stats['nean']) / train_stats’std’]

FNAIA R

norned_train_data = norn(train_dataset)

normed_test_data = norm(test_dataset)

SHRBIBUS, BUINUFBUL, WSS relu

def build_nodel ()

nodel = keras. Sequential (¢

Layers.Dense(64,
Tayers.Dense(s4, activation='relu’),
Tayers.Dense(1)

»
optimizer = tf keras.optimizers.RHSprop(0.001)
model conpile(loss="nse", optimizer=optimizer, metrics=[acc'])
return nodel

atusin

nodel = build_nodel()

SR

model. sunmary()

ctivation="relu’, input_shape=Tlen(train dataset.keys())1),
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#LL Tensorf low 4y AERHHUL Keras Jf 4 ABCHEA

from tensorflow import keras

from tensorflow.keras inport layers

(x_train, y_train), (x_test, y_test) = keras.datasets.mnist. 1oad_data()
X_train = x_train. reshape([x_train.shape[0], -11)

X_test = x_test.reshape([x_test.shape[0], ~17)

29 MNIST 4

print(x_train.shape, ' ', y_train.shape)

print(x_test.shape, ' ', y_test.shape)
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Model: " model "

Layer (type) Output Shape Param ¢ Comnected to
ng (tnputtayer) Coone, 32, 32, 1 ©

convad (ConvzD) Gone, 30, 30, ) 8% inelo0]
conv2d_1 (ComaD) Gone, 28, 28, 6 18436 comaafel(o]

nax_pooling2d (MaxPooling20) (Nore, 9, 9, 64)  © conv2d_1[010]

conv2d_2 (Conv2D) (None, 9, 9, 64) 36928 max_pool ing2d[01[0]
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aceuracy_baseline
auc_precision_recall
average_loss
1abel/nean

Toss

precision
prediction/nean
recall

global_step

dtype: floatsd

o.

100,

625000
859933
850304
419193
375000
419193
774194
379677
721213
000000
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reshape (Reshape) (one, 300, 100, 1) o

node] (e Clone.

1, 192) 76992
flatten (Flatten) (ore, 192) o
dense (Dense) (None, 10) 1930
dropout. (Dropout) (Nore, 10) o
dense.t (Oense) Gone, 1 i

Total parans: 378,933
Trainable parans: 378,933
Non-trainable parans: 0
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convzd 2001001

conv2d_3 (Convan) (Noe, 9,9, 6) 36928

add (Add) (one, 9,9, 6 0 convad_3r0](e]
max_pooling2do[e]

p—" Gone, 5, 9, 60 womn | asalorie]
pE—— e, 5,9, 00 s conzad(oniel
i i) S5 e convad stote]
aaaronte)
comads (Coma) Gone, 7,7, 60 som | siolto)
Flobal_nox_pooling2d (Globslax (one, 64) o convad stote)
dense oense) e, 259) Tood | globalmax posting2al0l(]
dropout (Dropout) (None, 256) @ - dense(@](0]
dense (oense) Gone, 10) w0 aropountolte)

Total parans: 223,242
Trainable params: 223,242
Non-trainable parans: @

Train on 40000 samples, validate on 10900 samples.
40000/40000 - 3615 9ms/sample - loss: 1.8662 - acc:

0.2974 - val_loss: 1.4558 - val_acc: 0.4581
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Model: " sequential *

Layer (type) Output Shape Paran #

dense (Dense) (Hone, 64) 640

dense_1 (Dense) (one, 64) 4160

dense_2 (Dense) (None, 1) I
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from __future__ import absolute_import, division, print_function
29 A Numy B

inport nuapy as np.

inport ss1

#5A pandas 15t

inport pandas as pd

SSABBTI

inport matplotlib.pyplot as plt

#5 A TensorFlow sk

inport. tensorflow as tf

ssl._create_default_https_context = ssl._create_unverified context

AR csv MR, IS IAARIMRIC

df_train = pd.read_csv("https: //storage. googleapis. con/tf-datasets/titanic/train.csv’)
df_test = pd.read_csv('https://storage. googleapis. con/tf-datasets/titanic/eval .csv')
BT

y-train = df_train.pop('survived')

y_test = df_test.pop('survived')

AR, A5 XA AT RS

CATEGORICAL COLUMNS.

['sex’, "n_siblings_spouses’, 'parch’, ‘class’, ‘deck’,
“enbark_town’, ‘alone’]
NUMERIC_COLUNS = ['age, 'fare’]
AHBIEREC D HARIR one-hot S}
def one_hot_cat_column(feature_nane, vocab):

return tf. feature_colum. indicator_column(

tf. feature_column. categorical_colum_with_vocabulary_list (feature_nane,
vocab))

AR A 19

feature_colums = [1

for feature_nane in CATEGORICAL_COLUMYS:
VSIS one-hot 1T, AR ARl
vocabulary = df_train[feature_name].unique()
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#5A NunPy BLbit
import nuapy as np.
FGABBITI
irport matplotlib.pyplot as plt
#31A TensorFlow BUJFIE T TensorFlow Ky Keras
from tensorflow inport keras
from tensorflow.keras import layers
from tensorflow.keras. preprocessing. sequence import pad_sequences
i
nun_features = 3000
sequence_length = 300
enbedding_dinension = 160
AR DA R
(x_train, y_train), (x_test, y.test) = keras.datasets. indb. Load_data(nua_words=
fun_features)
AR
x_train = pad_sequences(x_train, maxlen=sequence_length)
x_test = pad_sequences (x_test, naxlen=sequence_length)
Y
Filter_sizes=(3,4,5]
B
def convolution():
inn = layers. Input (shape=(sequence_length, embedding_dinension, 1))
1
for size in filter_sizes:

s
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(60000, 784), ' *, (50000, ))
((10000, 784), ' *, (10000,))
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from tensorflow import keras
inport pandas as pd
inport ss1
ss1._create_default_https_contex
5 F R
dataset_path-keras. utils.get_file( " auto-npg.data " , * http://archive. ics.uci..edu/
m/nachine-learning-databases/auto-npg/auto-npg. data * )
I B
column_names = ['WPG’, ‘Cylinders", ‘Displacenent, Horsepower ", ‘Weight,
*Acceleration’, 'Model Year’, ‘Origin’]

ss1._create_unverified_context

AR
raw_dataset = pd.read_csv(dataset_path, nanes=colum_nanes,
na_values = " 7", coment="\t', sep=" ", skipinitialspace=True)

AL G BB B
dataset = ran_dataset.copy()
FEHERHIR
dataset = dataset.dropna()
4 Origin Bl one-hot S, HHHCTALBURMII "o
origin = dataset pop(‘Origin’)
dataset['UsA’] = (origin == 1)*1.0
dataset['Europe’] = (origin == 2)+1.0
dataset['Japan'] = (origin == 1.0
#illit Frac SHAHLIR SOXMEE, JHEIAHNAIC
randon._state ALHINLECIIF 7. (A € IHELONE RY KB R RO AR 5
train_dataset = dataset. sample(frac=0.8, randon_state=0)
AR 200 MR
test_dataset = dataset. drop(train_dataset. index)
train_stats = train_dataset.describe()
test_stats = test_dataset.describe()
PG ILNAEBAERIA, AE B 5E
train_stats.pop( " MG ")
BRI AT
train_stats = train_stats. transpose()
ANGITRRICAS S0 1P B0, H MBI b
train_labels = train_dataset.pop('MPG')
test_labels = test_dataset. pop("HPG")
A S ER R R A
def norm(x):

return (x - train_stats['nean’]) / train_stats['std']
ANIRN RIS

normed_train_data = norm(train_dataset)
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#HFE

result = linear_est.evaluate(eval_input_fn)
print(" &
print(pd. Series(result))
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normed_test_data = norm(test_dataset)
A0 VAT R

print( " norned._train_data* )
print(normed_train_data)
print(*\n")

print( " normed_test_data " )
print(normed_test_data)
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accuracy 0.765152
accuracy_baseline 0.625000
auc 0.83284
auc_precision_recall  0.789631
average_loss 0.478908
1abel/nean 0.375000
Toss 0.478908
precision 0.703297
prediction/nean 0.35079
recall 0.646465

global_step 100. 000000
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Istnt (LSTH) (Hone, 128) 98816 enbedding_1(01C0]

Lstn (LST) (Nore, 32) 12416 enbedding[0](0]

tag (InputLayer) CQone, 1) o
concatenate (Concatenate) (None, 172) o 1sta_1C01(0]
1stafolre]
taglo1c0]
priority (Dense) (ore, 1) 173 concatenatef0](0]

department (Dense) (one, 4) 692 concatenate[01[0]

Total parans: 368,097
Trainable parans: 368,097
Non-trainable parans: @

Train on 1280 samples
Epoch 1/5
1280/1280

loss: 0.7020 - departnent_loss: 3.0657

7 Sns/sample - loss: 1.3151 - priority_

Epoch 5/5
12801280
loss: 0.6971 - department_lose

35 2ns/sample - loss: 1.2656 - priority_
2.8423
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normed_train_data

Cylinders  Displacenent
Year usa

146 -0.869348
051697 0.774676
2 -0.869348
083900 0.774676
& 1.483887
Slessio 0774676
78 -0.869348
1660094 0.774676
31 -0.869348
111897 -1.286751
21 0.307270
o890 0.774676
29 1.483887
0.209787  0.77467%6
150 -0.869348
o697 1286750
145 -0.869348
o697 1286750
182 -0.869348
o6  -1.286751
£314 rows x 9 colums]
normed_test_data
Cylinders  Displacenent
Year s

s 1.483887
Clsedsa  0.774676
5 1.483887
Cleedse  0.774676
% 1.483887

1604642

0.774676

Horsepover
Europe
-1.009459
-0.465148
-0.530218
-0.465148
1.482595
-0.465148
~0.865687
-0.465148
-0.942365
-0.465148

0.014872

-0.465148
1961837

0.465148
-0.836932
-0.465148
-1.076553
-0.465148
-0.846517
2.143005

Horsepover
Europe
1.865088
-0.465148
1578444
~0.465148
1041693
~0.465148.

neight
Japan
-0.784052
-0.495225
~0.442811
-0.495225
1447140
-0.495225
-1.099044
-0.495225
-0.994047
2.012852

-0.521559
-0.495225
1972127

-0.495225
-0.311564
2.012852

-1.151543
2.012852

-0.495310
-0.495225

neight
Japan
2.234620
~0.495225
2890853
~0.495225
2313368
-0.495225

Acceleration

025303

18796

1.736877

025303

-1.001603

-0.000288

1457223

-0.710099

-1.169870.

-0.623596

Acceleration

1018782

1.925280

206393

Model

-0.379759

o.620102

-0.738281

-0.308055

0.875068

0.916772

-1.598734

-0.021237

1.233589

-0.021237

Model

-2.530891

-0.550020

1.054328
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from __future__ import absolute_import, division, print_function
25 A Numpy B

inport nunpy as np.

import ss1

#5A pandas Bl

inport pandas as pd

AFABRTI

inport matplotlib.pyplot as plt

#5A TensorFlom Lk

inport tensorflow as tf

ss1._create_default_https_context = ssl._create_unverified_context

ST csv BRI, JHH5 I ARG

df_train = pd.read_csv('https://storage. googleapis. con/tf-datasets/titanic/train.csv’)

df_test = pd.read_csv(’https://storage. googleapis. con/tf-datasets/titanic/eval .csv')
AR TR
y-train = df_train.pop(’survived')

y-test = df_test.pop('survived’)

A SFTIES, SR ORI RS

CATEGORICAL_COLUMNS = ["sex’, 'n_siblings_spouses’, 'parch’, 'clas:
‘embark_town’, ‘alone’]

NUVERIC_COLUNS = [‘age’, 'fare’]

SRR o BB one-hot BES

‘deck’,
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#FA NunPy BLS
import nunpy as np.
SEAMRILTIL
import matplotlib.pyplot as plt
#51A TensorFlow BUFAL T TensorFLow Kyl Keras
From tensorflow inport keras
from tensorflow.keras import layers
from tensor flow.keras. preprocessing. sequence import pad_sequences.

HEXHS
nun_features = 3000
sequence_length = 300
enbedding dinension = 160
AL IR
(x_train, y_train), (x_test, y_test) = keras.datasets. indb. Load_data(nua_words=
fun_features)
A
X_train = pad_sequences(x_train, maxlen=sequence_length)
X_test = pad_sequences(x_test, naxlen=sequence_length)
R
filter_sizes=(3,4,5]
S BUR
def convalution():
inn = layers. Input (shape:

sequence_length, esbedding_dimension, 1))
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#5 A MNIST B4
model = keras. Sequential (L
layers.Dense(84, activation='relu’, input_shape=(784,),
Layers.Dense(64, activation="relu’),
Layers. Dense(64, relu’),
Layers.Dense(10, “softaax’)

»
AR TR
model.conpi le(optimizer=keras. optimizers. Adan(),
Toss=keras. losses. SparseCategoricalCrossentropy(),
metrics=["accuracy’])
R
history = model. fit(x_train, y_train, batch_size=256, epochs=100, validation_split=
0.3, verbose=a)
ARITI, VI 100 %
inport matplotlib.pyplot as pit
plt.plot (history. history[ 'accuracy’])
pt.plot(history. history[ 'val_accuracy’])
Pt legend([ ' training’, 'validation'], 1
plt. sho()
#aH

“upper left')
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def call(self, inputs)
return tf.mataul (inputs, self weight) + self bias
U DHFACR R 1 IR
X = tf.ones(@3, 5)
ny_layer = MyLayer(s, 4)
out = my_layer(x)
print(out)
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#5| A TensorFlow Bl JF 3L T TensorFlow HiEl Keras
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Total parans: 4,865
Trainable params: 4,865
Non-trainable params: 0
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#) TensorF low Jy MEAHHIAL Keras I A B4
fron tensorflow inport keras
from tensorflow.keras isport layers
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feature_columns. append(one_hot_cat_column(feature_nane, vocabulary))
for feature_nane in NMERIC_COLUNS:
SR AT
Feature.columns. append(tf. Feature_column. nuneric_colum(feature_nane,
dtype=t. loat32))
R TN
NA_EXAPLES = len(y_train)
HRARENHR
def make_input_f(X, ¥, n_epochs=None, shuffle=True):
def input_fn(
dataset = tf.data.Dataset. Fron_tensor_slices((dict(X), ¥))
s
iF shuffle:
dataset = dataset.shuffle(MM_EXAWPLES)
VI BT AL S 02
dataset = dataset. repeat (n_epochs)
dataset = dataset.batch (WM_EWLES)
return dataset
return input_fn
A ST R BATREL, D9 T ML
train_input_fn = make_input_fn(df_train, y.train)
eval_input_fn = make_input_f(df_test, y_test, shuffle=False, n_epochs=1)
#¢11] Boosted Trees
n_batches = 1
est = tf.estinator. BoostedTreesClassiFier (feature_colums,
n_batches_per_laye

i

est.train(train_input_fn, max.steps=100)

nH

result = est.evaluate(eval_tnput_fn)

SR

Linear_est = tf.estinator LinearClassi fier (feature_colums)
il

Linear_est. train(train_input_fn, sax_stey
IO

pred_dicts = List(Linear_est.predict(eval_input_fn))

pred_dicts? = List(est.predict(eval_input_fn))

probs1 = pd. Series ([pred( probabilities’][1] for pred in pred_dictsi))

probs2 = pd.Series(LoredL’probabilities’J[1] for pred in pred_dicts2))

plt. Figure(figsize=(14, 5)

plt.subplot(l, 2, 1)

probs1.plot(kind="hist’, bins=20, title="Linear-est predicted probabilities’);
plt.subplot(1, 2, 2)

probs2.plot (kind="hist’, bins=20, title='Est predicted probabilities’);

plt. show()

00)
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conv = 4, kernel_size=(size, enbedding_dimension),
valid', activation="relu’)(inn)
pool = layers. MaxPool2D(pool._size=(sequence length-sizet1, 1), pacding='valid')

(con)
ans. append (pool)
outt = layers. concatenate(cnns)

Ay
nodel = keras. Hodel (inputs=inn, outputs=outt)
return model

L B A
def cnn_mulfilter():
AR B
nodel = keras. Sequential(C
AL
Layers. Enbedding (input_din=nun_features, output din=enbedding. dinension,
input_length=sequence_length),
AHERABEE
Layers. Reshape( (sequence._length, enbedding._dimension, 1)),
HH BB
convolution(),
HERBEZ I
Layers. Flatten(),
AR
Tayers.Dense(10, activation="relu’),
Layers.Dropout (0.2),
Tayers.Dense(1, activati

signoid’)
»

GRS
nodel. conpile(optinizer=keras. optinizers.Adan(),

lossekeras. losses. BinaryCrossentropy(), metrics=['accuracy'1)

return model

I BB R R

model = cn_mulfilter()

AT T

history = model. fit(x_train, y_train, batch_si:

4, epochs=5, validation_split:
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fron __future__ import absolute_inport, division, print_function
inport. tensorflow as tf
inport. tensorflow.keras as keras
import. tensorflow.keras. layers as layers
SRR, S EALL R R SN ST
class MyLayer (layers. Layer)
def __init__(self, input_din=32, unit=32):
super (MyLayer, self)._init__()
w_init = tf.randon_nornal_initializer()
self.weight = tf Variable(initial valuesw_init(
shape=(input_dim, unit), deype=tf.float32), trainable=True)
b_init = tf.zeros_initializer()
self.bias = tf Variable(initial_value=b_init(
shape=(unit,), dtype=tf.float32), trainable=True)
def call(self, inputs)
return tfmatoul (inputs, self.weight) + self.bias
AU AR 1 10K
X = th.ones((3, 5)
my_layer = MyLayer(s, 4)
out = my_layer(x)
print(out)
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(x_train, y_train), (x_test, y_test) = keras.datasets.anist. 1oad_data()
x_train = x_train. reshape(Cx_train.shapel0], -11)
X_test = x_test. reshape([x_test. shape[0], ~11)
25 A INIST A
model = keras. Sequential (L
layers.Dense(64, activation="relu’, input_shape=(784,)),
Layers.Dense(64, activation="relu’),
Tayers.Dense(s4, activation="relu’),
layers.Dense(10, activation='sof tnax")

»

AR P B

nodel. conpi Le (opt ini zer=keras. opt inizers. Adan() ,
loss=keras. losses. SparseCategoricalCrossentropy(),
netrics=[‘accuracy'])

AR

model. sumary()

HTEAEINS
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fron tensorflow import keras

inport pandas as pd

inport ss1

fron tensorflow.keras inport layers

inport. tensorflow as tf

ss1._create_default_https_contex

X F AR

dataset_path=keras..utils.get_file( " auto-mpg.data” , * http: //archive. ics. uci .edu/

ml/machine-learning-databases/auto-pg/auto-npg.data * )

AN

colum_names = ['WPG', ‘Cylinders", 'Displacenent, ‘Horsepower "
‘Acceleration’, 'Model Year', ‘Origin’]

e

raw_dataset = pd.read_csv(dataset_path, nanes=coluan_nanes,
na_values = " 7", coment="\t', sep=" ", skipinitialspace=True)

AL ) BB B

dataset = ran_dataset.copy()

AEHEAER

dataset = dataset.dropna()

4k Origin Ml one-hot Y. HHHCTHEBURMIV Mo

origin = dataset.pop(‘Origin’)

dataset['UsA’] = (origin == 1)#1.0

dataset['Europe’] = (origin == 2)+1.0

dataset['Japan'] = (origin == 1.0

#illif Frac SURHIL sox Bl JHAFILH LRI

randon._state ALHNLRCIIR . IH A 00 AU KO R B A 5

train_dataset = dataset. sample(frac=0.8, randon._state=0)

A4 FH 200 MR

test_dataset = dataset. drop(train_dataset. index)

train_stats = train_dataset.describe()

test_stats = test_dataset.describe()

PG ARBTG5

train_stats.pop( " WPG ")

AR

train_stats = train_stats. transpose()

AICARIA L3006 51, H 3BT btk

train_labels = train_dataset.pop('HPG')

ss1._create_unverified_context

eight”,
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Train on 22500 samples, validate on 2500 samples
Epoch 1/5
22500/22500 [

0.7530 - val_loss: 0.3170 - val_accuracy: 0.8728

- 1155 Sms/sample - loss: 0.4822 - accuracy

Epoch 5/5
22500/22500 [ - 975 ams/sample - loss: 0.0911 - accuracy
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tf Tensor(
[[-0.06724034 0.08593177 0.05762753 -0.08204076]
[-0.06724034 0.08593177 0.05762753 -0.082040761
[-0.06724034 0.08593177 0.05762753 -0.0820407611, shay

=(3, 4), dtype
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Model: " sequential *

Laver Ctyoe) output Shape Paran +
dense (Dense) (None, 64) 50240
dense_1 (Oense) Quone, 06) o0
dense_2 (Oemse) e, ) o0

dense_3 (Dense) (None, 10) 650

Total parans: 59,210
Trainable parans: 59,210
Non-trainable parans: 0
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©.9753 - val_loss: 0.3345 - val_accuracy: 0.8876
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#51\ TensorFlow BUSJF M 1 TensorFlow I Keras
fron _future__ import absolute_import, division, print_function
import. tensorflow as tf
import. tensarflow.keras as keras
import tensorflow.keras. layers as layers
O TF FROIE T, BRI T8 e BRI
¢ keras.backend. clear._session()
#1LH] add_weight HELELTLIMES
class MyLayer (Layers. Layer)
def __init_(self, input_din=32, unit=32):
super (MyLayer, self). _init__(
self.weight = self.add_veight (shape=(input_dim, unit),
initializer=keras. initializers Randomormal(), trainable=True)
self.bias = self.add_weight(shape=(unit,),
initializerskeras. initializers.Zeros(), trainablesTrue)
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#6) TensorF low Jy AERHIEL Keras JF 5 A BB

fron tensorflow inport keras

fron tensorflow.keras import layers

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
x_train = x_train. reshape((x_train. shape[0], -11)

X_test = x_test. reshape(Cx_test.shape[0], -11)
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A5 NumPy Bisk

inport numpy as mp

AFABBILTI

inport matplotlib. pyplot as plt

#51A TensorFlow AL T TensorFLow Kyl Keras

fron tensorflow inport keras

from tensorflow.keras import layers

from tensorflo.keras. preprocessing. sequence inport pad_sequences.
X

fun_features = 3000

sequence_length = 300

enbedding dimension = 100

FSALHATF R IITINAIC

(x_train, y_train), (x_test, y_test) = keras.datasets. indb. 1oad_data(num_words=

fun_features)

(co)

AT

X_train = pad_sequences(x_train, maxlen=sequence_length)

x_test = pad_sequences(x_test, naxlen=sequence_length)

R

filter_sizes=(3,4,5]

BB

def convolution():
inn = layers. Input (shape=(sequence_length, enbedding dinension, 1))
cms = 01
for size in filter_sizes.

conv = size, enbedding dinension),
valid’, activation="relu’) (inn)
pool = layers. MaxPoo120(pool._size=(sequence length-size+],

cons. append (pool)
Layers. concatenate(cnns)

outt
L

nodel = keras. Hodel (inpu

return model
X LGB
def cnn_mulfilter()
MBI B

nodel = keras. Sequent al ([
AR

Layers. Enbedding(input_din=nun_features, output_din=enbedding.dinension,
input_length=sequence_length),

i, outputs=outt)
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L
CyLinders
Displacenent
Horsepower
Weight
Acceleration
Hodel Year
origin

dtype: int64
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from __future__ iport absolute_import, division, print_function
A NPy B

inport nunpy as np.

inport. ss1

#% A pandas Btk
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Model: " encoder

Layer (type) Output Shape Paran #

ing (InputLayer) C(None, 28, 28, 1)] o
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#EA NunPy B

inport nuapy as np.

FGABBILTI

import matplotlib.pyplot as plt

#51A TensorFlow L4 T TensorFlow Kk Keras
Fron tensorflow inport keras

fron tensorflow.keras inport layers

fron tensorflow.keras. preprocessing. sequence inport pad_sequences
HEXHS

nun_features = 3000

sequence_length = 300

enbedding dinension = 100

HGAHAT R I FRGRAC

(x_train, y_train), (x_test, y_test) = keras.datasets. indb. load_data(num_words=r

features)
AR
x_train = pad_sequences(x_train, maxlenssequence_length)
X_test = pad_sequences(x_test, maxlen=sequence_length)
w9 o B B
def indb_cnn()
AR
nodel = keras. Sequential (L
AR
Layers. Embedding(input_dim=nun_features,
output_din-enbedding_dimension, input_length=sequence_length),

i
layers.ConviD(Filters=50, kernel_sizess, strides=1, padding='valid"),
#1E steps I (LRI =) RIKA, FULRM S00b{LAD

Layers.HaxPool1D(2, padding="valid"),
HERIARZ AR

Layers. Flatten(),
i

Layers.Dense(16, activation="relu’),

layers.Dense(1, activation='sigmoid’)
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fron tensorflow import keras
inport pandas as pd
inport ss1
ssL._create_default_https_context = ss1
X FRRMeAE
dataset_path=keras.utils.get_file( " auto-mpg.data " , * http: //archive. ics. uci .edu/
ml/machine-learning-databases/auto-npg/auto-npg.data * )
PG
column_names = ['WPG’, "Cylinders', ‘Displacenent, 'Horsepower, ‘Weight,
*Acceleration’, 'Model Year’, ‘Origin’]

_create_unverified_context

AR
raw_dataset = pd.read_csv(dataset_path, names=colum_nanes,
na_values = " 7", coment="\t', sep=" ", skipinitialspace=True)

AL B R B b

dataset = ran_dataset.copy()

AR

dataset = dataset.dropna()

4F Origin ML one-hot BEY, HHHCTALBIRMII "o
origin = dataset.pop(‘Origin’)

dataset['UsA'] = (origin
dataset('Europe*] = (origin
dataset('Japan'] = (origin
Preys e
print(dataset)
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Epoch 1/50
363/363
- val_loss: 83.5865 - valmse: 83.5865

1 - 05 593us/sample - loss: 466.8626 - nse: 4668526

Epoch 50/50
363/363 [
425076 - val_mse: 42.5076
102/102 1
[loss’

- 0 22us/sample - loss: 90.1021 - mse: 90.1021
- val_loss

=1 - 05 20us/sample - loss: 87.3885 - mse: 87.3885

‘mse’]
[87.38852317660462, 87.38853]
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convad (Conv20) (None, 26, 26, 16) 160

convzd_1 (comzD) Qe 24, 20, 3D
Raoooling2d (Nsbooling2d) (ane, 8, 8, 5 0
comad2 o) Gene, 6 6 2 saus
conads @) Gne, 4, 419 deee

Elobal_max_pooling2d (Global (None, 16)

Total params: 18,672
Trainable parans: 18,672
Non-trainable parans: ©

Lover (0> cutput shave Parsm 8
prep—— COone, 28, 28, D] ®

convzd (ComD) T e 20, 26,09 160
conadl o) Gone, 24,24, 40
aax_aooling2d (asbooling2D) (one, 8, 8, 32) .
conad2 o) Gone, 6.5, s
a3 o) Gone, 44,19 e

global_max_pooling2d (Global (Noe, 16)

reshape (Reshape) (one, 4, 4, 1) o
conv2d_transpose (ConvaDTran (None, 6, 6, 16) 160
conv2d_transpose_1 (ConaDTr (None, 8, 8, 32) 4640

up_sanpling2d (UpSaspling2D) (Nore,

conv2d_transpose_2 (ConvaDTr- (No, 26, 26, 16 624
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import pandas as pd

SGABBATI

import matplotlib.pyplot as plt

ssl._create_default_https_context = ss1._create_unverified_context

SFARFALY csv MBI IHEILENVIAIIRIRA

df_train = pd. read_csu("https: //storage. googleapis. con/tf-datasets/titanic/train.csv')

df_test = pd.read_csv("https://storage. googleapis. con/tf-datasets/titanic/eval .csv’)

WRRETR

y-train = df_train.pop(’survived)

y_test = df_test.pop(*survived')

SRR R R

pd.concat ([df_train, y_train], axis=1).groupby('sex’). survived.mean().plot
barh').set_xlabel ("% survive’)

plt. show()

ki
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n

ALY B
modelconpile optinizer=keras. optinizers.Adan(le-3),

lossskeras. Losses. BinaryCrossentropy(), metril

return nodel

BRI

nodel = indb_cnn()

B

model. sunmary()

*accuracy'1)
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convad_transpose_3 (Conv20Tr (None, 28, 28, 1) 145

Total parans: 28,241
Trainable parans: 28,241
Non-trainable parans: 0
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WG Cylinders Displacenent Horsepower Weight Acceleration Model Year USA Europe Japan
0180 8 %70 130  eee 120 70 1.6 0o o0





OEBPS/Images/CmQUOF9jc_WEPyQIAAAAAIL2fgI994188215.jpg
#HJH] TensorFlow /4 BRI
fron sklearn.datasets isport load_breast_cancer
from sklearn.model_selection inport train._test_split

whole_data = load_breast_cancer()
x.data = whole_data.data
y_data = whole_data. target
Ll breast_cancer MUIA N IEREHITL BN
x_train, x_test, y_train, y_test = train_test_split(x.data, y.data, test_size=0.3,
randon_state=7)
print(x_train.shape, '
print(x_test.shape,

y-train.shape)
. y_test.shape)
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Model: " sequential *

Layer (type) Output Shape Paran #

enbedding (Enbedding) (None, 300, 100) 300000

convid (ConviD) (Hone, 296, 50)

nax_pooling1d (MaxPooling1D) (None, 148, 50) o

flatten (Flatten) (None, 7400) °

dense (Dense) (Hone, 10) 74010

dense_1 (Dense) (ore, 1) n

Total parans: 399,671
Trainable parans: 399,071
Non-trainable parans: 0






OEBPS/Images/CmQUOF9jc-6EEjGOAAAAAN7u5JI197427132.jpg
from __future__ import absolute_import, division, print_function
A NumPy B

inport nuapy as np.

inport ss1

#45A pandas it

inport pandas as pd

SPABEATIL

inport matplotlib.pyplot as plt

ss1._create_default_https_context = ssl._create_unverified_context

SFARGE ) cov BRI JFHSILIE D AN
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#FA NumPy BLSk

inport nunpy as np.

SPABIBLT I

inport matplotlib.pyplot as plt

45| A TensorFlow BLJFIE T TensorFlow ik Keras
from tensorflow inport keras

fron tensorflow.keras import layers

fron tensorflow. keras. preprocessing. sequence inport pad_sequences
5

nun_features = 3000

sequence_length = 300

embedding_dimension = 100
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#LL TensorF low Jy MERHHYEL Keras

import tensorflow as tf

import. tensorflow.keras as keras

import. tensorflow.keras. layers as layers
#9:HHfE— Keras Hit

encode_input = keras. Input(shape=(28,28,1), na
AT R

ht = Tayers.Convab(16, 3, activation="relu’) (encode_input)

ht = layers.Convab(32, 3, activation="relu")(h)

Il = Tayers.HaxPool20(3) (1)

1 = layers.Convab(32, 3, activation="relu’) ()

h1 = layers.Conva0(16, 3, activation="relu’)(h1)

encode_output = layers. GlobalMaxPool20() (1)

TR b U

encode_nodel. = keras.odel(inputs = encode_input, outputs=encode_output, nane=
B
encode_nodel. sumary()

XN D2

h2 = layers.Reshape((4, 4, 1)) (encode_output)

h2 = layers.ConvabTranspose(16, 3, activation="relu’)(h2)

h2 = layers.ConvabTranspose(32, 3, activation="relu’)(h2)

h2 = layers.UpSampling20(3) (h2)

h2 = layers.ConvaDTranspose(16, 3, activation="relu’)(h2)

decode_output = layers. ConvabTranspose(, 3, activation='relu’)(h2)

TR b2 U

autoencoder = keras.Hodel(inputs=encode_input. outputs=decode_output, name="autoencoder")
B

autoencoder. sumary ()

I Keras ik

autoencoder._input = keras. Input(shape=(28,28,1), nane="ing")

h3 = encode_nodel (autoencoder._input)

autoencoder_output = decode_model (h3)

HUR B TR, R

autoencoder = keras.Model(inputs=autoencoder_input, Gutputs=autoencoder_output,

ing)
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fron tensorflow import keras
inport pandas as pd
inport ss1

ss1._create_default_https_context = ss1._create_unverified_context

ceras. utils.get_file( " auto-mpg.data " ,
machine-1earning-databases/auto-npg/auto-npg. data " )
AT B
column_names = ['WPG', "Cylinders", 'Displacenent, "Horsepower, 'Welght,
“Acceleration’, 'Model Year’, ‘Origin']
SRR
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raw_dataset = pd.read_csv(dataset path, names=column_names,
na_values = "2, coment="\t', sep=" *, skipinitialspace=True)

AR

Nan = raw_dataset. isna(). sun()

print(Nan)
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‘relu’),
signoid’)

layers.Dense(32, activatio
layers.Dense(1, activation="

b))

ISR

model.conpile(optimizer=keras. optinizers. Adan()
Lossskeras. losses.binary._crossentropy,
metrics=["accuracy’])

AR
model fit(x_train, y_train, batch_size=64, epochs=10, verbose=1)
AT, W10

model .evaluate(x_test, y_test)
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plt.legend(['training’, 'valiation'], loc='upper left')
plt. show()
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PRI
priority_pred = layers.Dense(1, activations'signoid’, name="priority’)(features)
departnent_pred = layers.Dense(num_departments, activation='softnax, nane=" departaent")
(features)
gy
model = keras.Hodel(inputs=[body._input, title input, tag_input],
outputs=[priority_pred, departnent_pred])
B
rodel.sumary()
AR BT S
model.conpile(optimizer=keras. optinizers. RSprop(1e-3),
Loss=('priority’: 'binary_crossentropy’,
“department”: 'categorical_crossentropy'},
loss_weights=[1., 0.21)
#5A Nonpy H151¢
import nuapy as np.
RSB S
title_data = np. randon, randint(nua_words, size=(1280, 10))
body_data = np. random. randint (nua_words, size=(1280, 10))
tag_data = np. random. randint(2, size=(1280, nun_tags)).astype(’float3z")
AR
priority_label = np.randon. randon(size=(1280, 1))
departnent_label = np. randon. randint (2, size=(1280, num_departnents))
AT
history = model. fit(
{'title': title data, ‘body’:body_data, 'tag’:tag data),
Cpriority’spriority_label, 'departnent":department_label),
batch_size=32,
epochs=5
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Model: *model *

Layer (type) Output Shape Paran # Connected to

title (InputlLayer) [(None, None)] o

body (InputLayer) [(None, None)] o

enbedding_1 (Enbedding) (None, None, 66) 128000 titlele][0]

enbedding (Enbedding) (None, None, 64) 128000 body[oIC0]
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Epoch 1/10

398/398 [ - 05 460us/sample - loss: 121.5031 - accuracy:
0.6055

Epoch 10/10

398/398 - 05 18us/sample - loss: 0.4765 ~ accuracy
0.80%

man

05 263us/sample - loss: 0.4277 - accuracy:
0.8538
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#L) Tensorf low Jy M1KIAL Keras Ji S A S
From tensorflow import keras

Fron tensorflow.keras inport layers

From sklearn.datasets inport load_breast_cancer
fron sklearn.mode]_selection inport train_test_split

whole_data = load_breast_cancer()
x_data = vhole_data.data
y-data = whole_data. target

#1breast_cancer HURHON LI BT
x_train, x_test, y_train, y_test = train_test_split(x.data, y.data, test_size=0.3,
randon.state=7)
model = keras. Sequential (L
layers.Dense(32, activation='relu’, input_shape=(30,)),
layers.Dense(32, activation='relu’),
Tayers.Dense(1, activation='signoid’)

»

IR

model.conpi le(optimizer=keras. optimizers. Adan(),
Loss=keras. losses. binary_crossentropy,

‘accuracy'1)
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name="autoencoder ')
sutoencoder. sunmary()
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#L) TensorF low Jy IERAHIEL Keras Ji- S A
from tensorflow import keras

Fron tensorflow.keras inport layers

fron sklearn.datasets inport load_breast_cancer
fron sklearn.nodel_selection inport train_test_split
whole_data = load_breast_cancer()

x_data = whole_data.data

y-data = whole_data. target

#1l breast_cancer BCHCN ILREKIEE Y
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from tensorflow import keras

inport pandas as pd

inport ss1

ss1._create_default_https_context = ss1._create_unveri fied_context

A5 F AR

dataset_path-keras.utils.get_file( " auto-npg.data " , * http://archive. ics. uci..edu/
ml/nachine-learning-databases/auto-pg/auto-np. data * )

SN G

column_names = ['WPG’, ‘Cylinders’, 'Displacenent, Horsepower "

*Acceleration’, 'Model Year’, ‘Origin’]

Weight',

fet
raw_dataset = pd. read_csv(dataset_path, nanes=colum_nanes,
na_values = " 7", coment="\t', sep=" ", skipinitialspace=True)

AL ) B B

dataset = ran_dataset.copy()

SEREAEH

dataset = dataset.dropna()

4 Origin MLt one-hot S, HHHCTAEBARMI "o
origin = dataset pop(‘Origin’)

dataset["UsA‘] = (origin
dataset['Europe’] = (origin
dataset[*Japan'] = (origin == 1.0

#illid frac SR 0B, THEILI NI

randon._state ALBNLRCIIRE . AL A0 A kKO R B A 5
train_dataset = dataset. sample(frac=0.8, randon_state=0)

HAFI 200 MR

test_dataset = dataset.drop(train_dataset. index)

AR ANE

train_stats = train_dataset.describe()

print( " train_stats ")

print(train_stats)

print(*\n")
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df _train = pd.read_csv(‘https://storage. googleapis. con/tf-datasets/titanic/train.csv')
df_test = pd. read_csv("https: //storage. googleapis. con/tf-datasets/titanic/eval .csv')

9f_train.pop('survived)

f_test.pop(’survived")
SRR AT IR
def calc_age_section(n, Lin)

return’[%.£,%.)' % (Lime(n//Lim), Lims(n//Lin)+lim) # nap function

addone = pd. Series((calc_age_section(s, 18) for s in df_train.age)
df_train(ages’] = addone
pd.concat ([df_train,y_train],

axis=1). groupby(‘ages"). survived.mean() .plot (kint
plt. show()

arh). set_xlabel (% survive');
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AF AT NI BRI
(x-train, y_train), (x_test, y_test) = keras.datasets. indb. load_data(nun_words=
nun_features)
WEICE
x_train = pad_sequences(x_train, maxlen=sequence_length)
X_test = pad_sequences(x_test, maxlen=sequence_length)
5L o L 2
def indb_cnn():
SRR B
nodel = keras. Sequential ([
AR
Layers. Enbedding (input_din=nun_features,
output_din=eabedding. dinension, input_length=sequence_length),
il
Layers.ConvID(Filters=50, kernel sizess, strides=1, padding="valid’),
4 steps H1 CWIVILI~4) RIK, (UERM - HIiiEAD.
MaxPool1(2, padding="valid"),
WA
Layers. Flatten(),
AR
Tayers.Dense(10, activatior
Layers.Dense(1, activation=

»
GRS %
nodel. conpile(optinizer=keras. optinizers.Adan(le-3),
Loss=keras. osses.BinaryCrossentropy(), metrit
return model
AR BB
podel = indb_cnn()
AT

history = model. fit(x_train, y_train, batch_size

accuracy')
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SRBBRAS 70

test_stats = test_dataset.describe()
print( " test_stats ")
print(test_stats)
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Model: " encoder

[ Output shape Paran #
sre_img (InputLayer) [(None, 28, 28, 1)] o
convad (Conva0y Gone, 26, 25, 10 160
cunvzd_v‘(cenvzu) (None, 24, 24, 32) 4640
;nx_punhnzzﬂ (MaxPooling20) (None, 8, 8, 32) °
convzd 2 (Coma) Gore, 5, 5, 32) e
convzd_3 (Coma) Gane, 4, 4, 19 o
Flobal_nax_poolingzd Global (ene, 16) o

Total parans: 18,672
Trainable parans: 18,672
Non-trainable parans: 0

Model: " decoder *

Layer (type) Output Shape Paran #

encoded_img (InputLayer) [(None, 16)1 @

reshape (Reshape) Cone, 4, 4, 1) o
conv2d_transpose. (Conv2DTran (one, 5, 6, 16) 160
convad_transpose_1 (Conv2DTr (None, 8, 8, 32) o0
up_sarpling2d (pssmpling20) (None, 24, 24, 3 ©
convad_transpose_2 (Conv2DTr (None, 25, 25, 16) o

conv2d_transpose_3 (Con20Tr (None, 28, 28, 1) 145
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x_train, x_test, y_train, y_test = train_test split(x.data, y data, test size=0.3,

randon_state=7)
model = keras. Sequential (U
layers.Dense(32, activatior
layers.Dense(32, activatior
Layers.Dense(1, activati

‘relu’, input_shape=(30,)),
relu’),
signoid’)

»

HUHEISERIA AN

nodel. conpi Le(optimi zer=keras. optinizers. Adan() ,
Loss=keras. losses. binary_crossentropy,
netrics=["accuracy'])

A

rodel sumary()

Rl AR
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Train on 22500 samples, validate on 2500 samples

Epoch 1/5

22500/22500
0.7557 - val_loss: 0.3020 - val_accuracy: 0.8724

- 325 Ins/sanple - loss: 0.4527 - accuracy’

Epoch 5/5
22500/22500
0.9805 - val_loss: 0.3947 - val_accuracy: ©.8664

- 325 Ins/sanple - Loss: 0.9723 - accuracy’
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train_stats

o Cylinders  Displacement orsepoer Veight  Acceleration Hodel
Year ush Europe Japan

comt  314.000000 314.000000  314.000000 314.000000 314.000000 314.000000
314000000 314.000000 314.000000  314.000000

rean 23310510 547707 195318471 104.865427 2990.251592 15.559236
75.896089  0.6204  0.176344  0.197452

std 7728652 1.699788  104.331589 38.096214 843.898596  2.789230
3675642 0455101 0.38413  0.398712

nin 10.000000 3.000000  65.000000  46.000000 1649.000000 5.000000
70.000000 0.000000  0.000000  ©.000000

% 17.000000  4.000000 105500000 76.250000 2256.500000 13.500000
73.000000 0.000000  0.000000 0000000

sox 22.000000 4.000000 151000000 94.500000 2822.500000 15.500000
76.000000 1.000000  0.000000  0.000000

5% 28.950000  8.000000 265750000 125000000 3608.000000 17.200000
79.000000 1.000000  0.000000  0.000000

rax 46.600000 8.000000 455.000000 225.000000 5140.000000 24800000
52.000000 1.000000  1.000000  1.000000

test_stats

s Cylinders  Displacenent Horsepower Weight  Acceleration Model
Year usa Europe Jopan

cont  7.000000  78.000000  75.000000  75.000000 75.000000  75.000000
78.000000 75.000000  75.000000  75.000000

rean 23.99106 5448718 190.762821 102858974 2926.589744 15.469231
T6.3076%2 0.628205 01536 0217949

std BANSEI 174063 106494733 40.255265 B74.900416 2.649298
72847 0.EB12 036313 0.415525

min 9.000000  3.000000  70.000000  45.000000 1613.000000 8.500000
70.000000 0.000000  ©.000000  0.000000

5% 15.000000  4.000000  95.000000  74.250000 2159.500000 13.700000
73.000000 0.000000  0.000000 0000000

sox 20.000000 4000000 133000000 50.000000 2692.500000 15.250000
76.000000 1.000000  0.000000  0.000000

5% 2987500 5.000000  292.000000 121.750000 3706.500000 17.000000
79.750000 1.000000  0.000000  0.000000

- 44300000 8.000000  400.000000 230.000000 4746.000000 22.200000
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Total parans: 9,569
Trainable parans: 9,569
Non-trainable params: @

Hodel: " autoencoder *

Layer (type) Output Shape. Paran #
img (InputLayer) [(None, 28, 28, 1] o
encoder (Hodel) (Hone, 16) 18672

decoder (Hodel) (None, 28, 28, 1) 9569

Total parans: 28,241
Trainable params: 28,241
Non-trainable paraas: @
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Layer (type) Output Shape Paran #

dense (Dense) (None, 32) 992

dense_1 (Dense) (None, 32) 1056

dense_2 (Dense) (Hone, 1) 3

Total parans: 2,081
Trainable params: 2,081
Non-trainable params: ©
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from __future__ inport absolute_import, division, print_function
#5A Nunpy B

import nuapy as np.

import sl

#5 A pandas fisk

inport pandas as pd
FEABBLTI

inport matplot1ib.pyplot as plt
#G A TensorFlow B

import tensorflow as tf
ssl._create_default_https_context

ss1._create_unverified_context
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#FA NumPy B
import numpy as np
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#LL TensorF low Jy MERHHYEL Keras

inport tensorflow as tf

from tensorflow import keras

fron tensorflow.keras inport lavers

b BRI bR A B R R AT T
nun_words = 2000

nun_tags = 12

nun_departnents = 4

AL Keras SR, TPHEILAERIA

body_input = keras. Input(shape=(None, ), name="body")
title_input = keras. Input (shape=(None, ), name='"title’)
tag.input = keras. Input(shape=(nun_tags,), nane="tag")
A

body_feat = layers.Embedding(nun_vords, 64) (body_input)
title_feat = layers.Enbedding(nun_words, 64) (title_input)
AR

body_feat = layers.LSTH(32) (body_feat)

title_feat = layers.LSTH(128) (title._feat)

features = layers.concatenate([title_feat,body_feat, tag_inputl)
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FTRURHDY csv BRI JHS LD ISR
df_train = pd.read csv("https: //storage. googleapis. con/t-datasets/titanic/train.csv')
f_test = pd. read_csv("https: //storage. googleapis. con/tf-datasets/titanic/eval .csv')
TR
y_train = df_train.pop(*survived")
y_test = df_test.pop(‘survived’)
TS, 595 YRR R
(CATEGORICAL_COLUMNS = [*sex’, 'n_siblings.spouses’, 'parch, 'class’, 'deck’,
esbark_town", “alone’]

MIMERIC_COLUNS = [‘age’, 'fare’]
SR, 39U one-hot BiF)
def one._hot_cat_colum(feature_nane, vocab):

return tf.feature_column. indicator_colum(

¢f. feature_column_categorical_column_with_vocabulary_List (feature_nane,
Vocab))

XA )
Feature_colums = (1
For feature_nane in CATEGORICAL_COLUMNS
PRI one-hot 1F. A A RS
vocabulary = df_trainCfeature_nane].unique()
feature_columns. append(one_hot_cat_colum(feature_nane, vocabulary))
for feature_nane in NVERIC_COLUWNS:
AR AR
feature_coluans. append(tf. feature._colum. nuseric_column(feature_nane,
dtypestf. floatiz))

SR A
NOM_EXAHPLES = len(y.train)
FRAR A
def make_input_fn(X, y, n_epochs=None, shuf fle=True):
def input.fn
dataset = tf.data Dataset. fron_tensor_slices((dict(X), 1))
Al
iF shuffle:
dataset = dataset. shuffle(NM_EXAYPLES)
R TR B0
dataset = dataset. repeat (n_epochs)
dataset = dataset batch(WM_EXAVPLES)
return dataset
return input_fn
OIS ST B AR, DS T HORIL LT R SRR K8
train_input_fn = make_input_fn(df_train, y_train)
eval_input_fn = make._input_fn(df test, y_test, shuffle=False, n_epochs=1)
ST K
Linear_est = tf.estinator.LinearClassifier(feature_colums)
wIth

Tinear-est: tralnCtraln St fn; saister

100)
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PRABBLTI
import natplotlib.pyplot as plt
#51A TensorfLow BUUIFIL T TensorFLow U1k Keras.
From tensorflow import keras
From tensarflow.keras import layers
from tensorflow.keras.preprocessing. sequence inport pad_seauences
S
nun_features = 3000
sequence_length = 300
enbedding_dinension = 160
AR R IR
(x_train, y_train), (x.test, y_test) = keras.datasets. indb. 10ad.data(rum_words=
nun_features)

A
x_train = pad_sequences(x_train, maxlen=sequence_length)
X_test = pad_sequences(x._test, maxlen=sequence_length)
#5EX ow BA 2
def indb_con():
R B

odel = keras. Sequential (.
AT

Layers.Enbedding(input_din=nun_features,
output_din-enbedding.divension, input_length=sequence_length),

wifel

Layers.ConviD(Filters=50, kernel_size=s, strides=1, padding="valid'),
W steps 18 CLEULID =4 RAKI, TR~ Hiisfehd

Layers.HaxPool10(2, padding="valid"
MR ORI

Layers.Flatten(),

it

Layers.Dense(10, activation='relu’),
Layers.Dense(1, activation="signoid’)
»
AR S
odel. conpile optinizer=keras.optinizers. Adan(1e-3),
loss=keras. losses. BinaryCrossentropy(), metrics=["accuracy'D)
return model
BTG BB
model. = indb_can()
AT
history = model fit(x_train, y_train, batch_size=64, epochs=5, validation_split=0.1)
e
pt.plot(history. history( ‘accuracy'D)
plt.plot(history. history[ 'val_accuracy'])
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#EL TensorFlow % HERIHIEE Keras I G A BRI

Fron tensorflow impart keras

Fron tensorflow.keras inport layers

fron sklearn.datasets inport load_breast_cancer

fron sklearn.model_selection import train_test_split

whole_data = load_breast_cancer()

x_data = whole_data.data

y-data = whole_data. target

#1Lbreast_cancer MUY IAHHIALBUT

x_train, x_test, y_train, y_test = train_test_split(x.data, y.data, test_size=0.3,
randon_state=7)

model = keras. Sequential (L

1ayers.Dense(32, activatior

‘relu’, input_shape=(30,)),
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" sequential *

Layer (type)

Oter e Paran ¢

dense (Dense)

Qhone, 4) T

dense_1 (Dense)

(None, 4) %
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grads = tape.gradient(loss, vae.trainable_variables)
optinizer. apply_gradients(zip(grads, vee. trainable_variables))
Toss_netric(loss)
if step % 100 == 0:

print('step %s: mean loss = Xs' % (step, loss_metric.result()))
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SR

inport tensorflow_datasets as tfds

dataset, info = tfds. Load(" indb_reviews/subwordstk', with_info=True,
as._supervised=True)

train_dataset, test_dataset = dataset["train’

4} tokenizer U G 10 44

tokenizer = info. features( text").encoder

SRR K

print(‘vocabulary size

dataset(test']

. tokenizer.vocab_size)

i LR
sanple_string = 'Hello word , TensorFlow.0"
AR TSR

tokenized_string
print(*tokened i
AW
sre_string = tokeni zer. decode(tokeni zed_string)

print(‘original string: ', src_string)

AR

src_string = tokenizer. decode(tokenized_string)

AR

BUFFER_SI76=10000

BATCH_SIZE = 64

G AT AL

train dataset = train_dataset. shuffle(BUFFER_SIZE)

L BATCH_SIZE {17l batch

train_dataset = train_dataset.padded_batch(BATCH_SIZE, train_dataset.output_shapes)
test_dataset = test_dataset. padded_batch(BATCH_SIZE, test_dataset.output_shapes)
SRR

def get_nodel()

tokenizer.encode(sample._string)
. tokenized_string)

BB R
model = tf. keras. Sequential(l
AR

tf keras. Layers.Enbedding(tokenizer.vocab_size, 64),
RN (L B TR RO B3

tf keras. layers Bidirectional (tf keras. layers LSTH(64)) ,
Pz

tf.keras. layers.Dense(64, activati

tf Keras. Layers.Dense(1, activation='signoid")

bl

return nodel
SR
model = get_model()
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#) TensorF low Jy AEREHEL Keras
inport ss1
fron tensorflow inport keras

fron tensorflow.keras import layers
SPABBL LI

import matplotlib.pyplot as plt
SHITILHTTPS BYOUR %, B A 15
_create_default_https_contex

_create_unverified_context
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start of epoch @
Start of epoch 1
start of epoch 2
Step 0: mean loss = tf.Tensor(263.8553, shape:

), dtypesfloati2)

step 900: mean loss = tf.Tensor(1.0207621, shape=(), dtype=float32)
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(ctrain, y_train), (x_test, y_test) = keras.datasets.mnist.load_data()

X_train = x_train.reshape([x_train. shape[6], ~11)

X_test = x_test. reshape([x_test.shapel@], -11)

#GA ST H

nodel = keras. Seqvential ([
Layers.Dense(s
Layers.Dense(6
Tayers. Dense(64, *signoid'),
Layers.Dense(10, activation='softnax")

)
nodel. conpile(optinizer=keras. optinizers.Adan(),
lossekeras. losses. SparseCategoricalCrossentropy(),
metrics=[ ‘accuracy'])
ARG activation="signoid BUY
history = model. fit(x_train, y_train, batch_size=256, epochs=100, validation_split=0.3,
Verbose=0)
ARV VI 100 3
inport matplotlib.pyplot as plt
plt.plot(history.history[‘accuracy])
plt.plot(history. history["accuracy’'])
p1t.plot(history. history['val accuracy'1)
Pt legend(["training’, 'validation'], lot
plt. show()
result = model evaluate(x_test, y_test)
ATEMR R

pper left’)
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dense_2 (Dense)

(Hore, 1)

Total parans: 40,029
Trainable parans: 40,029
Non-trainable parans: @
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U
nodel. conpi Le(loss="binary_crossentropy’, optimizer
TR 2 %
history = model. fit(train_dataset, epochs=2, validation_da
SPARBH LI
inport matplotlib.pyplot as plt
SR
def plot_graphs(history, string).
plt.plot(history. historystringl)
plt.plot(history. history['val_'sstring])
plt.xlabel(*epochs’)
plt.ylabel(string)
plt. legend([string, 'val_'+stringl)
plt. show()
BTG SRR
plot_graphs(history, 'loss’)

‘adan’, metric:
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from __future__ import absolute_inport, division, print_function
import. ss1
ASABIALT I
inport matplotlib.pyplot as plt
LA TensorFlow JyIERHFIEL Keras
import. tensorflow as tf
inport. tensorflow.keras as keras
A5 A Numpy L0
import numpy as np
ss1._create_default_https_context = ss1._create_unveri fied_context
AR
NUM_NORDS = 10000
29 ABEACF LA 3 R DA
(train_data, train_labels), (test_data, test_labels)=keras. datasets. indb. load_data(num.
words=NUH_WORDS)
X H T
def multi_hot_sequences(sequences, dinension)
results = np.zeros((len(sequences), dinension))
for 1, word_indices in enunerate(sequences):
results(i, word_indices] = 1.0
return results
SRR A
train_data = multi_hot_sequences (train_data, dinension=NUH_WORDS)
test_data = multi_hot_sequences(test_data, dinension=NAM_WORDS)
B
small_nodel = keras. Sequential(
t
[2e=
layers.Dense(4, activation='relu’, input_shape=(NAWORDS, )),
Tayers.Dense(4, activation='relu’),
Tayers.Dense(1, activation='signoid")

1
)

A BB
‘small_nodel. conpile(optimize

dan' , binary_crossentropy"
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#9| A TensorFlow BHJF 4k T Tensorf low FJik Keras

fron __future__ import absolute_inport, division, print_function

import. tensorflow as tf

import. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers.

SR TF BFOIEE MR, R

¢ keras. backend. clear_session()

i

inputs = keras. Input (shape=(784,), nane='mnist_input)

ht = Tayers.Dense(64, activation="relu’) (inputs)

n relu’) (1)

outputs = layers.Dense(10, activation='softmax’) (1)

model = keras.Model(inputs, outputs)

TS

nodel. conpi Le(opt imi zer=keras. opt inizers. R¥Sprop(),
loss=keras. losses. SparseCategoricalCrossentropy(),

0 BUSEAL

layers.Dense(64, activati

metrics=[keras.metrics. SparseCategoricalAccuracy()1)
N e PR VYRS

(x_train, y_train), (x_test, y_test)

keras. datasets.mnist. load_data()
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x_train = x_train.reshape(60000, 784).astype(’float32’) /255

X_test = x_test. reshape(10000, 784).astype(’Float32") /255

x.val = x_train(-10060:]

yoval = y_train[-10000:]

x_train = x_train(:-10000]

y_train = y_train(:-10000]

Ry

history = model. Fit(x_train, y_train, batch_size=64, epochs=3,
validation_data=(x_val, y_val))

print(‘history:")

print(history.history)

AR T IFY

result = nodel_evaluate(x_test, y_test, batch_size=128)

print(‘evaluate: ")

print(result)

pred = nodel. predict(x_test[:2])

print(‘predict:")

print(pred)
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SPARRI

inport. tensorflow_datasets as tfds

dataset, info = tfds. load( indb_reviews/subsordssk’, with_info=True,
as._supervised=True)

train_dataset, test_dataset = dataset(’train'], dataset(’test’]

4} tokenizer AHGAILTF AT IALL 0 444

tokenizer = info. features[ 'text'].encoder
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metrics=['accuracy’, ‘binary_crossentropy'])

AT T

snall_model. fit(train_data, train_laels,
epochs=20, batch_size=512,






OEBPS/Images/CmQUOF9jc--EJvjrAAAAAP02evM040434437.jpg
from __future__ import absolute_import, division, print_function
inport ss1

AGABEALTI

inport matplotlib.pyplot as plt

4L TensorFlow Jy LA Keras

inport. tensorflow as tf

import. tensorflow.keras as keras

AGA Nany B

inport nunpy as np.

ss1._create_default_https_context = ssl._create_unverified_context
S B RIEE

baseline_nodel = keras. Sequential(

C
[Ze =
layers.Dense(16, activation='relu’, input_shape=(NUM_WORDS, ),
layers.Dense(16, activation="relu’),
Tayers.Dense(1, activati

1

)

AR S
baseLine_nodel.compi le (optiniz
Loss="binary_crossentropy”,
accuracy’, “binary_crossentropy’1)

ARG BT
baseline_history = baseline_nodel. fit(train_data, train_labels,
epochs=20, batch_size=512, validation_data=(test_data, test_labels), verbose
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vocabulary size: 8185

Epoch 172
91/391 - 10215 35/step - oss: .5475 - accuracy: 0.7183
- Val_loss: 0.0000e+00 - val_accuracy: 0.0000¢+00
Epoch 2/2
3907391 .1 - ETA: 25 - loss: 0.3836 - accuracy: 0.8450
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60000/60000 (=
Epoch 3/3
60000/60000

- 55 7ous/sample - loss: 0.0692

- 4s G2us/sample - loss: 0.0679
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Train on 25000 samples, validate on 25000 samples
Epoch 1/20
5000/25000 - 135 - loss: 0.5010 - accuracy: ©.7927 - binary_crossentropy: 0.5010 =
Val_loss: 0.3537 - val_accuracy: 0.8717 - val_binary_crossentropy: 0.3537

Epoch 20/20
25000/25000 ~ 75 - loss: 0.0026 - accuracy: 1.0600 - binary_crossentropy: 9.0026 -
val_loss: .8428 - val_accuracy: 0.8543 - val_binary_crossentropy: .8428
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#EALI

inport. tensorflon_datasets as tfds

dataset, info = tfds.load(" indb_reviews/subsords8k , with_info=True,
as_supervised=True)

train_dataset, test_dataset = dataset['train’], dataset['test']

#Af tokenizer XHGUMTTFHFULA I 10§

tokenizer = info. FeaturesL " text 1. encoder

RIS K

print(’vocabulary size:

*, tokenizer. vocab_size)

i UMRE
sample_string = Hello vord , TensorFlow2.0"
HNRESTHEHMA

tokenized_string = tokenizer.encode(sample_string)
print("tokened 1d: *, tokenized_string)
AMEE
sre_string = tokenizer. decode(tokenized_string)
print(‘original string: *, src_string)
ST
sre_string = tokenizer. decode(tokenized_string)
[ErTree
BUFFER_SIZE=10000
BATCH_SIZE = 64
RN S T ALY
train_dataset = train_dataset. shuffle(BUFFER_SIZE)
#HUlE BATCH_SIZE 11k batch
train_dataset = train_dataset.padded_batch(BATCH_SIZE, train_dataset.output_shapes)
test_dataset = test_dataset. padded_batch(BATCH_SIZE, test_dataset.output_shapes)
i RS
def get_mode1():
R BB
model = tf keras. Sequential ([
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x_test = x_test.reshape([x_test. shape[0], 1)
5 A MNIST
nodel = keras. Sequential (T
layers.Dense(64, activation='sigmoid’, input_shape=(784,)),
Layers.Dense(s4, activation='signoid’),
Tayers.Dense(s4, activation='signoid'),
Layers.Dense(19, activation="sof tnax")

b}

T *signoid UL

nodel..conpi le(optimi zer=keras. optimizers . Adam(),
Loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=['accuracy')

R

nodel sumary()

TER A
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from __future__ import absolute_import, division, print_function
inport ss1
PHABALT S
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#9| A TensorFlow BSR4k T Tensorf low FJik Keras
fron __future__ import absolute_inport, division, print_function
import tensorflow as tf
import. tensorflow.keras as keras
import. tensorflow.keras. layers as layers.
R ) TF OISR, R T e R AL
tf.keras. backend. clear_session()
ARA I
class Sampling(layers.Layer)
def call(self, inputs)
2_mean, 2_log_var = inputs
batch = tf. shape(z_nean) (0]
din = tF.shape(z_nean) (1]
epsilon = tF.keras. backend. randoa_normal (shape=(batch, din))
return z_mean + tf.exp(0.5 * 2_log_var) * epsilon
T
class Encoder(layers. Layer)
def __init_(self, latent_din=32,
internediate_din=64, nane="encoder", **kwargs)
super (Encoder, self)._init__(name=nane, *tkvargs)
Layers.Dense(internediate_din, activation='relu’)
Layers. Dense(latent_din)
self.dense_log_var = layers.Dense(latent_din)
self.sampling = Sanpling()
def call(self, inputs)
1 = self. dense_proj(inputs)
2_nean = sel.dense_mean(h1)
2_log_var = self.dense_log_var(h1)
2 = self sampling((z_nean, 2_log_var))
return z_mean, z_log_var, 2
S
class Decoder(Layers. Layer)
def __init__(self, original din,
internediate_din=64, nane='decoder", *#kwargs)
super (Decoder, self).__init_(name=nase, *sknargs)
Self.dense_proj = layers.Dense(internediate_din, activation="relu’)
self.dense_output = layers.Dense(original_din, activation='sigroid’)

def call(self, inputs)
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HERALL

4 keras.layers. Enbedding (tokenizer. vocab_size, 64),
AR 13U B 4628, 0 BT U 351

tF keras. layers Bidirectional (tf.keras. layers.LSTH(6)),
(Zs

tF keras. layers.Dense(64, activation="relu’),

& keras. layers.Dense(1, activation='signoid")

»
return model
A BB
model = get_nodel ()
R
model conpiLe(loss="binary_crossentropy”, optimizer='adan’, metrics=['accuracy'])
TR 2 5
history = model. fit(train_dataset, epochs=2,
validation_data-test_dataset)
AGABIBAL I
inport matplotlib.pyplot as plt
(oY
def plot_graphs(history, string):
pLt.plot (history. history[string))
plt.plot (history. historyl 'val_‘sstring])
plt.xlabel("epochs’)
plt.ylabel(string)
plt. Legend(Tstring, 'val_'sstringl)
plt. shou()
LRI S ML X

Dbt graphathlstory, "acouracy”y





OEBPS/Images/CmQUOF9jc--EHT0LAAAAAPtZGWY867020335.jpg
inport matplotlib.pyplot as plt
L TensorFlow Jy ERHIEE Keras
inport. tensorflow as tf
inport. tensorflow.keras as keras
AN Nomy L
inport numpy as mp
ss1._create_default_https_context = ss1
parares
NUH_WORDS = 10000
AT DI AR
(train_data, train_labels), (test_data, test_labels)=keras.datasets. indb. load_data(num_
WH_NORDS)
XA
def multi_hot_sequences(sequences, dinension)
results = np.zeros((len(sequences), dinension))
for 1, word_indices in enunerate(sequences)
results(i, word_indices] = 1.0
return results
SREVIR AT
train_data = multi_hot_sequences(train_data, dinension=NUM_WORDS)
test_data = multi_hot_sequences(test_data, dinension=NM_WORDS)
AR LA
snall_nodel = keras. Sequential(
3
Pz
Layers.Dense(4, activation=
layers.Dense(4, activatic
Layers.Dense(1, activation=

_create_unverified_context

relu’, input_shape=(NM_WORDS,)) .

relu),

sigoid’)

1

)

AL BB

snall_nodel.conpile(optinizer="adan’, Lo
metrics="accuracy’, "binary_crossentropy’1)

RN

small_model. summary()

binary_crossentropy',
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Model: " sequential *

Layer (type) Output Shape Paran #
dense (Dense) Chone, 64) so240
dense_1 (Dense) Chone, 68) 160
dense.2 (Gense) Chone, 64) 160
dense3 (Gense) (hore, 10) a0

Total parans: 59,210
Trainable parans: 59,210
Non-trainable parans: 0
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h1 = self.dense_proj(inputs)
return self.dense_output (h1)
AR
Class VAE(t. keras.Hodel)
f _init_(self, original din, latent din=32,
internediate_din=64, nane='encoder”, *skvargs):
Super (VAE, self)._init_(nane=nase, *skuargs)

self.original din = original_din
self encoder = Encoder (latent_din=latent_din,
intermediate._din=internediate_din)
Self.decoder = Decoder (original_dir-original_din,
intersediate._din=internediate_din)
def call(self, inputs):
2.nean, 2_log var, 2 = self. encoder (inputs)
reconstructed = self.decoder(z)
KL_loss = -0.5 * tF.reduce_sun(
2_log_var - tf.square(z_nean) - tf.exp(z.log.var) + 1)
se1f.add_loss(k1_loss)
return reconstructed
AT DRI
(xtrain, L), _ = tf.keras.datasets.mist. load_data()
X_train = x_train.reshape(60000, 784).astype("float32’) / 255
) FIRE 2 AL BRI B 31 5
Vae = VAE(784,32,64)
optinizer = tf Keras.optinizers. Adan(learning_rate=le-3)
train_dataset = tf.data.Dataset. fron_tensor_slices(x_train)
train_dataset = train_dataset. shuffle(buffer_size=1024).batch(s4)
original din = 784
vae = VAE(original_din, 64, 32)
optinizer = tf.keras.optinizers. Adan(learning_rate=le-3)

mse_loss_fn = tf keras. losses. HeansquaredError ()
loss_metric = tF.keras.metrics.Hean()
e
for epoch in range(3)
print('Start of epoch %d % (epoch,))
US54 bath (9K V12K
for step, x_batch_train in enunerate(train_dataset):
with tF.GradientTape() as tape:
reconstructed = vae(x_batch_train)
#i31 reconstruction loss
Loss = nse_loss._fn(x_batch._train, reconstructed)
loss

sun(vae. Losses)
HEMKLD regularization loss
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Trainable parans: 160,305
Non-trainable parans: O
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#L) TensorF low 4y MERHHI3L Keras
import. ss1
from tensorflow import keras
from tensorflow.keras inport layers
SFABBILTI
inport matplotlib.pyplot as plt
oL WTTPS RS, 5 S AIREE 1S
ssL._create_default_https_context = ssl._create_unverified_context
(x_train, y_train), (x_test, y.test) = keras.datosets.mist.load_data()
x_train = x_train.reshape([x_train.shape[0], ~11)
x_test = x_test. reshape([x_test. shape[0], -11)
A INIST B
model = keras. Sequential ([
Layers.Dense(64, activation="relu’, input_shape=(784,),
Layers.Batchhormalization(),
Layers.Dense(64, activation="relu’),
layers. Batchormalization),
Tayers.Dense(64, activation='relu’),
Layers. Batchormalization(),
Layers.Dense(10, activation='sof tnax")

b))

AL, JUESEOY Layers Batchormalization()

modelcompile (optimizer=keras. optinizers.SE00),
Loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=[*accuracy'])

iR

mode]. summary ()

HTER NS
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Train on 50000 sanples, validate on 10000 sanples
Epoch 1/3
50000/50000 - 35 62us/sample - loss: 8.3406 - sparse_
categorical_accuracy: .9022 - val_loss: 0.2137 ~ val_sparse_categorical_accuracy: 9.9362

Epoch 3/3
50000/50000 - 25 44us/sample - loss: 0.1187 - sparse..
categorical_accuracy: 0.9646 - val_loss: 0.1183 - val_sparse_categorical_accuracy: 0.9672
history:
Closs':  [0.34056663007736204,  0.161259304510355,  ©.11870563844621182],
sparse_categorical_accuracy’: [0.90224, 0.95194, 0.96462], 'val_loss": [0.21368005533218384,
0.134373027305305, 0.11827467557229102], 'val_sparse_categorical_accuracy': [0.9362, 0.9625,

0.96721)

16000/1 - s 13us/
sanple - loss: ©.0608 - sparse_categorical_accuracy: 0.9637

evaluate:

[0.11747951722219586, 0.9637]

predict:

[[3.57551136-07 3.7563577e-08 4.38814646-05 5.6507859¢-05 4.8591668-09
1.0834727-06 4.38093250-13 9.9987602¢-01 1.96197260-07 2.19690726-05]
[9.40391426-06 5.9000308¢-06 9.9991047-01 6.9690250e-05 6.8645395e-11
1.5047639-06 1.3832307e-06 1.2749730e-09 1.51553356-06 7.5686174e-1011
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Train on 25000 samples, validate on 25000 sanples
Epoch 1/20
5000/25000 - 105 - loss: 0.5079 - accuracy: 0.8015 - binary_crossentropy: 0.5079 -
val_loss: 0.3843 - val_accuracy: 0.8632 - val_binary_crossentropy: 0.3843

Epoch 20/20
25000/25000 8 - loss: 0.0298 - accuracy: 8.9964 - binary_crossentropy: 0.0298 -
val_loss: .6009 - val_accuracy: 0.8532 - val_binary_crossentropy: .6009
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AR S

print('vocabulary size: ', tokenizer.vocab_size)
e

sample_string = "Hello word , TensorFlow2.0"
STIRREET L BNR

tokenized_string = tokeni zer.encode(sample_string)
print(‘tokened id: ', tokenized_string)
AT 17
sre_stein,
print(‘original string
[t
sre_string = tokeni zer. decode(tokenized_string)
AU
BUFFER_SIZE=10000
BATCH_SIZE = 64
EE AT LR
train_dataset = train_dataset. shuf fle(BUFFER_SIZE)
L BATCHSIZE 47 batch
train_dataset = train_dataset. padded_batch(BATCH.SIZE, train_dataset.output_shapes)
test_dataset = test_dataset. padded_batch(BATCH.SIZE, test_dataset.output_shapes)
A
def get_nodel
SR
model. = tf_keras. Sequential ([

WAL

tf keras. layers. Enbedding(tokenizer.vocab_size, 64),
RN L B, RS RO BT

£F keras. layers.Bidirectional (tF.keras. layers LSTH(64)),
SRR

tf keras. layers. Dense(64, activation="relu’)

tf keras. layers. Dense(1, activation='sigaoid")

tokenizer.decode(tokenized_string)
" sre_string)

»
return nodel
L LR
nodel = get_nadel ()
A B
odel. conpile(loss="binary_crossentropy’, optiniz
SRV R 2 2
history = model. fit(train_dataset, epochs=2, validation.datastest dataset)
B
def pad_to_size(vec, size):
zeros = [0] » (size-len(vec))
ve. extend(zeros)

adan’, metrics=["accuracy'])

return vee
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#5I A TensorFlow BRI AL T TensorFlow )4k Keras.
from __future__ inport absolute_irport, division, print_function
import. tensorflow as tf

import. tensorflow.keras as keras

import. tensorflow.keras. layers as layers

ALY TF OIS AT TR Sl BATR L
f.keras. backend. clear._session()

FRAYEATR A IR

(x-train, y_train), (x_test, y_test) = keras.datasets.mnist.load_data()
x_train = x_train.reshape(60000, 784).astype('float32’) /255
X_test = x_test.reshape(10000, 784).astype('floati2’) /255

x.val = x_train[-10000:]
y_val = y_train[-10000:]
x_train = x_train(:-10000]

y-train = y_train:-10000]

RIS 0077 SR IS Loss

Class ActivityRegularizationLayer (layers. Layer):

def call(self, inputs):

Sl add_loss(tf. reduce_sua(inputs) * 0.1)
return inputs

W Keras FKt, JPAFIAEBIA

inputs = keras. Input(shape=(784,), name="mist_input")

w3 UAE8)E m

ht = layers.Dense(64, activation="relu’) (inputs)
Il = ActivityRegularizationLayer () (h1)
I = layers.Dense(64, activation="relu’)(h1)

outputs = layers.Dense(10, activation='softnax') (1)

(Y

model = keras.Hodel(inputs, outputs)

AR WS B Y

model. conpile(optinizer=keras. opt nizers.RHSprop(),
loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=[keras. metrics. SparseCategoricalAccuracy()])

AR

model. fit(x_train, y_train, batch_si:

12, epoch:

1)
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Model: " sequential "
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i U
def sample_predict(sentence, pad-False)
tokened_sent = tokenizer. encode(sentence)
if pad:
tokened_sent = pad_to_size(tokened_sent, 64)
pred = model.predict(tf. expand_dins(tokened_sent, 0))
return pred
A1 padding %
sanple_pred_text = (‘The novie was cool. The animation and the graphics
“were out of this world. I would recomend this novie. ')
predictions = sample_predict(sample pred_text, pad=False)
print(predictions)
#41 padding M
sample_pred_text = (‘The movie was cool. The animation and the graphics
“were out of this world. T would recomend this novie. ')
predictions = sample_predict(sample_pred_text, pad=True)
print (predictions)






OEBPS/Images/CmQUOV9jc_aELIWBAAAAAJObg3s022141398.jpg
Layer (type) Output Shape Paran

dense oense) P so240
baten-normalization v2 (Batc (one, 64) 2
dense_1 (ense) Guone, 66) 4160
bateh_normalization v2.1 (5a (one, 64) 26
;anse_z (Dense) (None, 64) 4160

batch_normalizationv2.2 (Ba (None, 64) 256

dense_3 (Dense) (Hone, 10) 650

Total parans: 59,978
Trainable parans: 59,594
Non-trainable parans: 384
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Train on 50000 samples
50000/50000
categorical_accuracy: 8.1134

55 94us/sanple - loss: 2.3489 - sparse_
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#6) TensorF low JAERIFIEL Keras
inport ss1
fron tensorflow inport keras
fron tensorflow.keras import layers
APABAT I
inport matplotlib.pyplot as plt
T HTTPS YR 4, TSI E 12
ssl._create_default_https_context = ssl._create_unverified_context
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
x_train = x_train. reshape([x_train. shape[0], -11)
X_test = x_test. reshape([x._test.shape(0], ~11)
#9A MNIST A
nodel = keras. Sequential (T

layers.Dense(54, activations'relu’, input_shape=(784,)),

Tayers. BatchNormalization(),

Tayers.Dense(s4, activation='relu’),

Layers.BatchNormalization(),

Layers.Dense(64, activation='relu"),

layers.BatchNormalization(),

layers.Dense(10, activatior

softmax’)
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fron tensorflow import keras
fron tensorflow.keras import layers

(x_train, y_train), (x_test, y_test) = keras.datasets.mnist. load_data()
x_train. reshape([x_train.shape[0], ~11)

x_trai
x_test = x_test. reshape([x_test.shape[0], ~11)
FPA INIST R

print(x_train.shape, ' ', y_train.shape)

print(x_test.shape, ' ', y_test.shape)
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from __future__ import absolute_import, division, print_function
inport ss1

AGABIEA LI

inport matplotlib.pyplot as plt

L TensorFlow JyAERUHAE Keras

import. tensorflow as tF

inport. tensorflow.keras as keras

25 A NunPy B3k
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out

y_layer (x)
print (out.numpy ()

print('weight: ', ay_layer.weights)

print(‘non-trainable weight:', my_layer.non_trainable_weights)
print(*trainable weight: ', my_layer. trainable_weights)
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vocabulary size: 8185
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B.3.3]
6. 6. 6.1
weight: (<tf.Variable ‘Varisble:0' shape=(3,) dtype:
dtype=Floatiz)>]
non-trainable weight: [<tf.Variable ‘Variable:o' shape=(3,) dtype=floati2, numy=
6., 6.1, dtype=float3z)>]
trainable welghts )

array((6.
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(60000, 784), ' ', (60000,))
(10000, 784), ' *, (10000,))
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import numpy as np
ss1._create_default_https_context = ssl._create_unverified_context
S
NUM_WORDS = 10000
AT UL R IR
(train data, train_labels), (test_data, test_labels)=
Words=NUM_WORDS)
5 L HR TR
def multi_ot_sequences(sequences, dinension)
results = np.zeros((len(sequences), dinension))
for 1, word_indices in enumerate(sequences):
resultsi, vord_indices] = 1.0
return results
DRI AL
train data = multi_hot_sequences(train_data, dinension=NUM_WORDS)
test_data = multi_hot_sequences(test_data, dinension=NUM_WORDS)
ARRND
plt.plot(train_datale])
plt. show()

eras. datasets. indb. 1oad_data(num_
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AR

import. tensorflow_datasets as tfds

dataset, info = tfds. load(’indb_reviews/subrordssk’, with_info=True,
as._supervised=True)

train dataset, test_dataset = dataset[’train'], dataset['test']

4} tokenizer AHGUILTT AT AHL 0 46

tokenizer = info. features[ " text'].encoder

AR ALK

print(‘vocabulary size: ', tokenizer.vocab_size)

o5 UMRECH

sanple_string = "Hello word , TensorFlow2.0"

SUMRETE TR

tokenized_string = tokenizer. encode(sample_string)

print(‘tokened id: ‘, tokenized_string)

TR

sre_string = tokenizer. decode(tokenized_string)

print(‘original string: ', src_string)
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from tensorflow import keras
fron tensorflow.keras inport layers
(x_train, y_train), (x_test, y_test) = keras.datasets mnist. load_data()
x_train = x_train.reshape([x_train. shape[6], -11)
X_test = x_test. reshape([x_test..shapefe], -11)
#5A NIST S
model = keras. Sequential (L
Tayers Dense(64, activations'relu’, kernel_initializer="he_noral’, input_shape=
84,
Layers.Dense(64, activation='relu’, kernel_initializ
Layers.Dense(64, activation='relu’, kernel_initializer=
Layers.Dense(16, activation='softnax")

»

#HUEE MU kernel_initializer="he_nornal LAY

model.conpi le (optimi zer=keras. optimizers. Adan(),
Loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=["accuracy’])

AR

rodel sumary()

RS
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vocabulary size: 8185
tokened 1d: (4025, 222, 2621, 1199, 6307, 2327, 2834, 7979, 7975, 7977]
original string: Hello word , TensorFlon2.0
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#4| A TensorFlow BEUFAE T TensorFlow Hik Keras.
fron __future__ import absolute_import, division, print_function
import. tensorflow as tf
import. tensorflow.keras as keras
import. tensorflow.keras. layers as layers
AR TF OISR, BTy T e B2
¢ keras. backend. clear_session()
IS build QM EG A0 shape HITLHIREHIES
class MyLayer (layers. Layer)
def __init_(self, unit=32):
super (MyLayer, self)._init__()
self.unit = unit
def build(self, input_shape):
self.weight = self.add_veight (shape=(input_shape[1], self.unit),
initializer=keras.initializers.Randomormal (), trainable=True)
self.bias = self..add_weight (shape=(self.unit,),
initializer=keras. initializers.Zeros(), trainable=True)
def call(self, inputs):
return tf matmul(inputs, self.weight) + self.bias
A F15E ORI
my_layer = MyLayer(3)
x = tF.ones(@3, )
out = my_layer(x)
print(out)
my_layer = MyLayer(3)
AU MFAERIBE RN 1 (3
X = tF.ones((2, 2))
A T S
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word_indices

08

0.6

04

02

0.0
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4000
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6000

8000

10000
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fron __future__ import absolute_import, division, print_function
inport. ss1

SPABIBLT I

inport matplotlib.pyplot as plt

4L TensorFlow ) MAHHEL Keras.

inport. tensorflow as tf

inport tensorflow.keras as keras
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Model: " sequential "

Layer (type) Output Shape Param #
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out = my_layer(x)
print(out)
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EEEN TN

import tensorflow_datasets as tfds

dataset, info = tfds.load(’indb_reviews/subkords8k’, with_info=True,
as_supervised=True)

train_dataset, test_dataset = dataset(’train’], dataset('test']

#4f tokenizer AR ATALI 1D Hh

tokenizer = info. features("text 1. encoder

BRI (A9

print('vocabulary size:

X HRYHE

sanple_string = "Hello word , TensorFlow2."

BRI TR

tokenized_string = tokenizer. encode(sanple_string)

print(‘tokened id: ', tokenized_string)

AR T

src_string = tokenizer. decode(tokenized_string)

print(‘original string: ‘, src_string)

AT

src_string = tokenizer. decode(tokenized_string)

print(‘original string: *, src_string)

for t in tokenized_string:
print(str(t)+'->[*+tokenizer. decode([t])+ ‘1)

!, tokenizer.vocab_size)
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from __future__ import absolute_import, division, print_function
A NPy B

inport nunpy as np.

import ss1

#5A pandas sk

inport pandas as pd

SGABIET I

inport matplotlib.pyplot as plt

4 TensorFlow Bk

inport. tensorflow as tf

ss1._create_default_https_context = ss._create_unverified_context

# RN csv IHGRIL JHEIUED N AAMIRI

df_train = pd. read_csv("https://storage. googleapis. con/tf~datasets/titanic/train.csv')
pd.read_csv(’https://storage. googleapis. con/tf-datasets/titanic/eval .csv')
£

df_train. pop('survived')

df_test.pop(’survived’)

y_trai
y_test
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W SUFTIRAE R, R SRR A
(CATEGORICAL_COLMNS = [*sex’, 'n_siblings._spouses’, 'parch, 'class", 'deck’,
esbark_town", ‘alone’]

MIERIC_COLUS = [‘age’, "fare’]
SHUIR R, IR one-hot HHF
def one_hot_cat_colum(feature_nane, vacab):

return tf. Feature_column. indicator_colum(

¢f. feature_column.categorical_column_wi th_vocabulary_list (feature_nane,
vocaby)

LA 5]
feature._colums = [1
for feature_nane in CATEGORICAL_COLUWNS
AAPAIHE IS one-hot #1F, R MABUES
Vocabulary = df_train(feature_nane].unique()
Feature_columns. append(one.hot_cat_colum(Feature_nane, vocabulary))
for feature_nane in NMERIC_COLUMYS:
SRR A
feature_columns. append(t. feature._colum. nuseric_coluan(feature_nane,
floata2))

BRI Rl
MM_EXAHPLES = Ten(y. train)
A R A
def make_input_fn(X, ¥, n.epochs=None, shuffle=
def input_fQ):
dataset = tf.data.Dataset. Fron_tensor_slices((dict(X), )
i
if shuffle:
dataset = dataset. shuffle (M_EXAMPLES)
U TR 2
dataset = dataset. repeat (n_epochs)
dataset = dataset batch(WM_EXAVPLES)
return dataset
return input_fn
U1 AT R AR DS TR AL AT R 8
train_input_fn = nake._input_fa(df_train, y_train)
eval_input_fn = make._input_fn(df_test, y.test, shuffle=False, n_epochs=1)
#f11] Boosted Trees
n_batches = 1
est = tf.estimator. BoostedTreesClassifier(feature_colums,
n_batches_per_layer=n_batches)

we):

s

est.train(train_input_fn, max_steps=100)
st

result = est.evaluate(eval_input_fn)
SRS

Linear_est = tF.estinator. LinearClassifier (Featore. coluons)





OEBPS/Images/CmQUOV9jc-qEV9fRAAAAANWFTmM455376966.jpg
RN
Layers.Reshape((sequence_length, esbedding_dinension, 1)),
FRG BB
convolution(),
HERIERZ AL
Layers.Flatten(),
AN
Tayers.Dense(10, activatio
Tayers.Dropout(9.2),
Layers.Dense(1, activation="signoid")

elu’),

)

GRS
nodel..conpi le (optimizer=keras. optinizers. Adan(),

Toss=keras. losses.BinaryCrossentropy(), metri

return model

HUH B B R R R

rodel = con_nulfilter()

AT T

history = model. fit(x_train, y_train, batch_size=4, epochs=5, validation_split;

ARG

Pt plot (history. history[ ‘accuracy'1)

plt.plot(history. history( 'val_accuracy'1)

PIt. Legend([ ' training’, 'valiation'], loc="upper left")

plt. show()

accuracy'])






OEBPS/Images/CmQUOF9jc-6EEzWIAAAAANc2Wos887470954.jpg
g
Linear_est. train(train_input_fn, nax_steps=100)
pred_dicts = list(linear_est.predict(eval_input_fn))
pred_dicts2 = list(est.predict(eval_input_fn))
probs1 = pd.Series([pred(‘probabilities' (1] for pred in pred_dictsi])
probs2 = pd. Series([pred(‘probabilities'[1] for pred in preddicts2])
#5210 ROC g%,
from sklearn.metrics import roc_curve
ARG
def plot_roc(probs, title):
for, tpr, _ = roc_curve(y_test, probs)
pt.plot(fpr, tor)
plt.title(title)
plt.xlabel(*false positive rate’)
plt.ylabel("true positive rate’)
ple.xlin(@,)
plt.ylin(e,)
plt. Figure(Figsize=(14, 5))
plt.subplot(l, 2, 1)
plot_roc(probs1, " Linear-est ROC")
plt.subplot(1, 2, 2)
plot_roc(probs2, " Est ROC"
plt. show()
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tf . Tensor(
L 0.21520022 -0.06261671 0.03179146 -0.0403799
[ 0.21920022 -0.06261671 -0.03179145 -0.0403759 1
[ 0.21920022 -0.06261671 -0.03179146 -0.0403799 1], shag

3, 4), dtype=float32)
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#3| A TensorFlow BLJJF 4 §- TensorF low K3 Keras
fron _future__ import absolute_import, division, print_function
inport tensorflow as tf
inport. tensorflow.keras as keras
import. tensorflow.keras. layers as layers
SR TF OIS A, VAT T I BRI
tF.keras.backend. clear_session()
#1851] add_weight HIEE BLILRSZH
class MyLayer(layers.Layer):
def __init__(self, input_dim=32, unit=32):
super (MyLayer, self)._init_()
self.add_weight (shape=(input_din, unit),
initializer=keras. initializers. RandosNormal(), trainable=True)
Self.bias = self.add_weight(shape=(unit, ),
initializer=keras. initializers. Zeros(), trainable=True)
def call(self, inputs):
return tf.mataul (inputs, self.weight) + self .bias
class AddLayer(layers.Layer):
def __init__(self, input_din=32):
super (AddLayer, self). _init_Q)
Self.sun = self.add_weight (shape=(input_dim,),
initializerskeras. initializers Zeros(), trainable=False)
def call(self, inputs).
self.sun.assign_add(tf . reduce_sua(inputs, ax
return self.sum
0l HFATCRBRID 1 B
X = tf.ones((3, 3)
ny_layer = AddLayer (3)
out = my_layer(x)
print (out.numpy())

self.weigh

%)
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EAR

inport. tensorflow_datasets as tfds

dataset, info = tfds. oad(* indb_reviews/subnords8k’ , with_info=True,
as._supervised=True)

train dataset, test_dataset = dataset('train’], dataset[’test’]

4} tokenizer 3 QUL GATAEI A 10§64

tokenizer = info. features('text'].encoder

RTINS A

print(*vocabulary size:

tokenizer. vocab_size)
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- 05 27us/sample - loss: 0.4660 - accuracy

0.9611
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#L) TensorFlow Yy MERHHYL Keras

import s

from tensorflow import keras

from tensorflow. keras inport layers

SPARALT I

import matplotlib.pyplot as plt

T HTTPS IR, 5 AIREE 15
ss1._create_default_https_context = ssl._create_unverified_context
(x-train, y_train), (x_test, y.test) = keras.datasets.mist.load_data()
X_train = x_train. reshape([x_train.shape[@], -11)
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dense (Dense)

G, 08) soz40
dense.t (oense) Glone, 66) a0
dense.2 (oense) one, 64) a0
serse.3 (oense) ne, 10) =

Total parans: 59,210

Trainable parans: 59,210
Non-trainable params: 0
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tf Tensor(

[[0.01456478 0.07924593 0.02756532]
[0.01456478 0,07924593 0,027565321
[6.01456478 0.07524593 0.0275653211, shaps

¢ Tensor(

(L 0.01749954 -0.04188586 0.1059282 ]

[ 0.01749954 -0.04188586 0.1059282 11, shape=(2, 3), dtyy

3, 3), dtype=float3z)

=float32)
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vocabulary size: 8185
tokened id: [4025, 222, 2621, 1199, 6307, 2327, 2934, 7979, 7975, 7977,
original string: Hello word , TensorFlow2.0.

4025->(Hel1]

22500 1

2621->(word)

Te9L , 1

6307->(Ten]

2327->(50r]

2934->(F1ow]

7979->(2]

7975501

7977-5(0]
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AR Numpy B
inport numpy as mp
ss1._create_default_https_context = ssl._create_unverified_context
ST
NUM_HORDS = 10000
A AHHIC UL LRI DI
(train_data, train_labels), (test_data, test_labels)=keras.datasets. indb. load_data(num_
Words=NUM_WORDS)
5 AR
def multi_hot_sequences(sequences, dinension):
results = np.zeros((len(sequences), dinension))
For 1, word_indices in enumerate(sequences):
results(i, word_indices] = 1.0
return results
SRR
train_data = multi_hot_sequences(train_data, dinensio
test_data = multi_hot_sequences(test_data, dimensi
BN
baseline_nodel = keras. Sequential(
r

[z

layers.Dense(16, activation="relu’, input_shape=(NUM_WORDS,))
layers.Dense(16, activation="relu’),

Tayers.Dense(1, activation='signoid’)

SIS

baseline_nodel.conpile(optimizer="adan’, loss="binary_crossentropy’,
metrics=[‘accuracy’, 'binary_crossentropy'])
ARG

baseline_model. sumsary()
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from tensorflow import keras

Fron tensorflow.keras import layers

(x_train, y_train), (x_test, y_test) = keras.datasets.mnist. load_data()

x_train = x_train.reshape([x.train. shapele], -11)

x_test = x_test. reshape([x_test. shape[0], ~11)

A NIST B

nodel = keras. Sequential(C

layers.Dense(64, activation='relu’, kernel _initializer='he_normal’, input_shape=

84,3,

Layers.Dense(64, activation='relu’, kernel_initialize
Layers.Dense(64, activation='relu’, kernel_initializer='he_normal’),
Layers.Dense(10, activation='softnax’)

»
#HyE MBI kernel initializer="he_normal (B!
modelconpi Le (optimizer=keras. optimizers. Adan(),
loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=[‘accuracy'])
Ly
history = model. Fit(x_train, y_train, batch_size=256, epochs=
verbose=0)
BT, V1% 100 %
import matplotlib.pyplot as plt
plt.plot(history.history ‘accuracy’])
p1t.plot(history. history[val accuracy'1)
plt. legend(["training’, ‘validation'], lo
plt. show()
result = model. evaluate(x_test, y_test)
AT

00, validation_split=0.3,

upper Left)
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#3| A Tensorf low BUSF It § TensorF low HIiE Keras
fron __future__ import absolute_inport, division, print_function
import tensorflow as tf
import. tensorflow.keras as keras
import. tensorflow.keras. layers as layers.
R ) TF PSPOISE I, Ry T e R AL
tF.keras.backend. clear._session()
PRA I
class Sampling(layers.Layer)
def call(self, inputs)
2_nean, 2_log_var = inputs
batch = tf. shape(z_nean) (0]
din = tF.shape(z_nean) (1]
epsilon = tf.keras. backend. randos_normal (shape=(batch, din))
return z_mean + tf.exp(0.5 * z_log_var) * epsilon
(s
class Encoder(layers. Layer)
def __init__(self, latent_din=32,
intermediate_din=64, nane="encoder”, ++kwargs):
super (Encoder, self).__init_(name=nane, *kwargs)
Self.dense_proj = layers.Dense(internediate_din, activation="relu’)
self.dense_mean = layers.Dense(latent_dim)
self.dense_log_var = layers Dense(latent_din)
self.sampling = Sanpling()
def call(self, inputs)
M = self.dense_proj(inputs)
self.dense_mean(h1)
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Model: " sequential *

Layer (type) output Shape. Paran #
dense (Dense) Chone, 16) 160016
dense.1 ense) Chone, 16) 2
dense.2 (Dense) Cone, 1) I

Total params: 160,305
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NS

import tensorlow_datasets as tfds

dataset, info = tfds. load("isdb_reviews/subuordssk’, with_info=True,
as_supervised=True)

train_dataset, test_dataset = dataset(‘train'], dataset['test']

3 tokenizer AR F AL 10 418,

tokenizer = info.features(text'].encoder.
SRUEIERL I

print(‘vocabulary size: *, tokenizer.vocab_size)
AT

sample_string = "Hello word , TensorFlon2.0"
MHRAT T ANR
tokenized_string = tokeni zer.encode(sanple_string)
print(‘tokened id: *, tokenized_string)
AR
sr_string = tokenizer. decodetokenized_string)
print(‘original string: *, sre_string)
AT
src_string = tokenizer. decode(tokenized_string)
AU
BUFFER_SIZE=10000
BATCH_SIZE = 64
R AT LB
train_dataset = train_dataset..shuf fle(BUFFER_SIZE)
HUE BATCH_SIZE 47 batch
train_dataset = train_dataset.padded_batch(SATCH_SIZE, train_dataset output_shapes)
tost_dataset = test_dataset.padded_batch(BATCH_SIZE, test_dataset.output_shapes)
ey
def got_model ():
AR A
model = tf.keras. Sequential ([
AL
tf.keras. Layers. Esbedding(tokenizer.vocab_size, 64),
RN L B, ST i RO 5T
tf keras. layers. Bidirectional (tF.keras. Layers.LSTH(s4)) .
Al
tf keras. layers.Dense(64, activatic
tf.keras. layers.Dense(1, activation='sigmoid)

»
return model
O LR
nodel. = get_nodel ()
B
model compile (los:

“binary_crossentropy’, optinizer="adam’, metrics=[’accurscy’d)
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SRITBUR AR 2
history = model.fit(train dataset, epochs=2,
validation_datastest_dataset)
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10000/10000 [:
accuracy: ©.0809

] - 0s 36us/sample - loss: 136.0406 -





OEBPS/Images/CmQUOV9jc-aEKOppAAAAAACa1N0605609967.jpg
2_log.var = self.dense_log_var(ht)
2 = self. sanpling((z_nean, 2_logvar))
return z_mean, z_log_var, z
IR
class Decoder (layers. Layer)
def __init__(self, original di, internediate_din=64, na
super (Decoder, self). _init__(na
self_dense_proj = layers.Dense(internediate_dim, activatior
Self.dense_output = layers.Dense(original dim, activatio
def call(self, inputs)
I = self.dense_proj(inputs)
return self. dense_output(h1)
W AR
class VAE(tf.keras. Hodel)
def __init__(self, original din, latent_din=32,
intermediate_din=64, nase="encoder", askuargs)
Super (VAE, self)._init__(nane=nane, ++kuargs)
self.original_din = original_din
sl encoder = Encoder (latent_din=latent_din,
internediate_din-internediate_din)
sl decoder = Decoder (original_dinoriginal_din,
internediate_din=internediate_din)
def call(self, inputs):
2_nean, 2_log_var, z = self..encoder (inputs)
reconstructed = self . decoder(2)
Kl_loss = -0.5 # tf.reduce_sun(
2_10g_var - tf.square(z_mean) - tf.exp(z_log_var) + 1)
self.add_loss(K1_Loss)
return reconstructed
AL I AR A
(x-train, ), _ = tf keras.datasets.mnist. load_data()
x_train = x_train.reshape(60000, 784).astype(’float32’) / 255
U F15E A CL P BRI (RS B
vae = VAE(784, 32, 64)
optimizer = tf.keras.optinizers. Adan(learning._rate=le-3)
vae. conpile(optimizer, loss=tf.keras. losses. MeansquaredError )
g

vae.fit(x_train, x_train, epochs:

decoder”, w+kuargs):

ane, +knargs)

relu’)
“signoid')

., batch_st;

"
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Train on 60000 samples
Epoch 173
60000/60000
Epoch 2/3

- 55 75us/sample - loss: 0.8294
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icrosoft Windows LR 6.1.76811

717578 <c> 2089 Microsoft Corporation. {REZFTHAVF.

:\Users\Adninistrator>conda —-version
onda 4.4.18

:\Users\Adninistrator>
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AR
thal = feature_column. categorical_coluan_with_vocabulary_List(
“thal’, ['fixed’, ‘normal’, ‘reversible’])

thal_one._hot = feature_colum. indicator_colum(thal)

Feature_columns. append( thal_one_hot)

AHIEAT

thal_enbedding = feature_column.enbedding._colum(thal, dimensior

feature_colums. append (thal_enbedding)

AURL DS

crossed_feature = feature_colum.crossed_colum([age_buckets, thall, hash_bucket.

size=1000)

feature_columns. append( thal_hashed)

AL

crossed._feature = feature_colum. indicator_colum(crossed._feature)

Feature_columns. append (crossed. feature)

AU

feature_layer = tf keras. layers.DenseFeatures(feature_columns)

batch_size = 32

train_ds = df_to_dataset(train, batch._sizezbatch.size)

val_ds = df_to_dataset(val, shuffle=False, batch_size=batch_size)

test_ds = df_to_dataset(test, shuffle=False, batch._size=batch._size)

ARRB I

model = tf.keras.Sequential(C
Feature_layer,
Layers.Dense(128, activation
Tayers.Dense(128, activati
Tayers.Dense(1, activatic

)

GRS

model. compile(optimizer="adan’, 1o
AR VI

model £t (train.ds, validation date=val.ds;epochsss)

‘binary_crossentropy, netrics=[’accuracy'1)
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Epoch 1/5
7/Unknown - 25 224ns/step ~ loss: 11059 - accuracy: 0.6477
LZa: - 25 275ms/step - loss: 1.1059 - accuracy: 0.6477
- val_loss: 0.0000e+00 - val_accuracy: 0.0000e+00

Epoch 5/5

3 - ETA: 0s - loss: 0.5578 - accuracy: 0.7812
- 05 8ns/step - loss: 0.5160 - accuracy: 0.7668
val_loss: 0.5898 - val_accuracy: 0.7347





OEBPS/Images/CmQUOV9jc--EMCFrAAAAAL1Ad_E775309744.jpg
ANACONDA.

Thanks for installing Anaconda3!

Ansconda i the most popuiar Python data science platform.
Share your notebooks, packages, projects and environments
on Anaconda Cloud!

[¥]Learn more about Anaconda Cloud

[¥]Learn how to get started with Anaconda
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pred score is: tf.Tensor([[-0.00185565]], shape

(1, 1), dtype=float32)
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O Anaconda3 5.1.0 (64-bit) Setup U= B 3

Installing
§_) ANACONDA  please wait whie Anaconda3 5. 1.0 (54-bit)is being installed.

Extract: python-3.6.4h6538335_L.tar.bz2.
n |

Anacond, Inc.

[ <Back | @next> Cancel
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from __future__ isport absolute_inport, division, print_function
inport ss1
a1 TensorFlon AR Keras
inport tensorflow as tf
import tensorflow.keras as keras
A Numpy U5
import numpy 35 np
5 A pandas Bk
inport pandas as pd
fron sklearn.fodel_selection inport train_test_split
from tensorflow isport feature_colum
ss1._create_default_https_context = ssl._create_unverified_context
#0471 pandas UIKECHE
URL = “https://storage. googleapis. con/applied-dl/heart. csv'
datafrane = pd. read_csv(URL)
SRUAITIMAA
train, test = train_test_split(dataframe, test_size=0.2)
train, val = train_test_split(train, test_size=0.2)
BRI 056 2
def df_to_dataset (datafrane, shuffle=True, batch_size=32):
dataframe = datafrase.copy()
Labels = dataframe. pop(target")
ds = tf.data.Dataset. fron._tensor_slices((dict(datafrane), labels))
iF shuffle:
ds = ds.shufFle(buffer_size-len(datafrane))
ds = ds.batch(batch_size)
return ds
5 X batch_size i it
batch_size = 5
T R MRS R T
df_to_dataset (train, batch_sizesbatch._size)
Val.ds = df_to_dataset(val, shufflesFalse, batch.size=batch_size)
test_ds = df_to_dataset(test, shuffle=False, batch_size=batch.size)
example_batch = next(iter (train_ds))(0]
age = feature_colum.rumeric_colum( * age " )
AR
def print_data(feature_column)
Feature_layer = layers.DenseFeatures(feature_columm)
print (feature_layer exarple._batch) .numy())
M1 Feature_colums
Feature_colums = [

PRI

train_ds
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from __future__ import absolute_import, print_function, division
inport. tensorflow as tf

inport. tensorflow.keras as keras

inport matplotlib.pyplot as plt

inport numpy as mp

inport os

import PIL

inport inageio

inport glob

inport tine

S

BUFFER_SIZE = 60000

BATCH_SIZE = 256

EPOCHS = 50

2.din = 100

nun_exanples_to_generate = 16

seed = tf. randon. nornal (Cnun_exanples._to_generate, z_din)

PSS

(train_inages, train_labels), (-, ceras.datasets.mist. load_data()

ARG TR

train_inages = train_inages.reshape(train_inages.shape[], 28, 28, 1).astype
floatsz’)

train_inages = (train_inages - 127.5) / 127.5

train dataset = tf.data.Dataset. fron_tensor_slices(train_inages).shufFle(BUFFER_

SIZE) .batch(BATCH_SIZE)
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SRR

nodel = get_nodel()

SHRTOR 5 AR AT BN

nodel 1oad_weights(latest)

T

nodel conpile(loss="sparse_categorical crossentropy’,
optinizer=keras.optimizers RHSprop())

Ry

histors
epoct

model fit(x_train, y_train, batch_size=64,
0, callbacks=[cp_callback])
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cp-0010.ckpt
Train on 60000 sanples
Epoch 1/10
60000/60000 3 Séus/sample
Epoch 5/16
59648/60000
Epoch 00005: saving model to cp-0095.ckpt
60000/60000

ETA: 05 - loss:
35 43us/sample

Epoch 10/10
58880/60000
Epoch 00010: saving model to cp-0010.ckpt

60000/60000

ETA: 05 - loss:

35 Adus/sample

- loss: 2.69400-04

4.6151e-04

- loss: 4.5880e-04

4.3697e-04

- loss: 4.2882¢-04
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for header in ['age’, 'trestbps’, ‘chol’, 'thalach’, ‘oldpeak’, 'slope’,
Feature._columns. append(feature_colum. numeric_colum (header))
#Hi bucketized 5
age_buckets = feature_colum.bucketized_colum(age, boundaries=[13, 25, 30, 35, 40, 45,
50, 55, 69, 651)
feature_columns. append(age.buckets)
sh 2
thal = feature_colua. categorical_colum_with_vocabulary._List(
‘thal’, ['fixed, 'normal’, ‘reversible’l)
thal_one_hot. = feature._column. indicator_colun(thal)
Feature_columns. append(thal_one_hot)
FHRIEAT
thal_enbedding = feature._column. enbedding_colum(thal,, dirensior
feature_colunns. append(thal._enbedding)
ARG AR
crossed_feature = feature_colum. crossed_colum(lage_buckets, thall, hash_bucket_
1000)
Feature._columns. append(thal_hashed)
AR A
crossed_feature = feature_colum. indicator_colum(crossed_feature)
Feature._columns. append(crossed_feature)
SR
Feature_laer = tf keras. layers. DenseFeatures(feature colums)
batch_size = 32
train_ds = df_to_dataset(train, batch_size=batch_size)
Val_ds = df_to_dataset(val, shuffle=False, batch_size-batch._size)
test_ds = df_to_dataset(test, shuffle=False, batch size-batch size)
AU
rodel = tf.keras. Sequential ([feature._layer,
Layers.Dense(128, activation="relu’),
Layers.Dense(128, activation='relu’),

ca'l;

Layers.Dense(1, activation="sigmoid)
»

BB

rodel.conpile(optinizer="adan’, loss="binary_crossentropy’, metrics=[ accuracy')

AR5

podel fit(train.ds, validation data=val_ds,epochs=5)
ARBATIFG, SRR

loss, accuracy = nodel.evaluate(test ds)

print(* Accuracy " , accuracy)

print("Loss® , loss)
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SRR
def make_generator():
generator = keras. Sequential (L

keras. layers.Dense(7 » 7 » 256, use_bias=False, input_shap
keras.layers.Batchhormalization(),
Keras. layers. LeakyReLU),
keras.layers.Reshape((7, 7, 256)),
keras.layers.Conva0Transpose(128, (5, 5), strides=(1, 1), padding="sane’,

00,)),

keras.layers.Batchhormalization(),
Keras. layers. LeakyReLU),
keras.layers.ConvabTranspose(64, (5, 5), strides=(2, 2), padding="sane’,

Keras. layers. Batchormalization(),
Keras. layers.LeakyReLU(),
Keras.layers.Conv20Transpose(1, (5, 5), strides=(2, 2),
alse, activation="tanh’),
»
return generator
A
def nake_discrininator()
discriminator = keras. Sequential (L
Keras. layers.Conv2D(84, (5, 5), strid
Keras.layers.LeakyRelU(),
Keras_layers.Dropout(9.2),
Keras.layers.Conv20(128, (5, 5), strides=(2, 2), padding='sane’),
Keras.layers. LeakyReLU),
keras. layers.Dropout(8.2),
keras.layers.Flatten(),
Keras. layers.Dense(1),

use_bias

2, 2), padding

b))
return discrininator
XIS
cross._entropy = tf keras. losses. BinaryCrossentropy(fron_logits = True)
g_optinizer = keras.optimizers. Adan(le-4)
d_optimizer = keras.optimizers.Adan(le-4)
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22015 _runtine 14.9.25420: WRBGAENRNRERUEGEAUAITEANNEHRARENARRINEANY
incertstore 8.2¢ WENBKEINNRNNNEERNENNEEEURRENNUGERYNDERNRLONNARARIND
e ey
L e ey
cotuptoole 40.4.3: NUNENNNENNGLENLONNNIGNENNOLNENENNURBONENARRYNND Y

100
100
100
100
108

ortifi 2018.6.24: WRENRBENURRONTNRRNNNAEIONABONTURANENERERUARRNUNRND | 100,
n 3.5.50 FNBUNERERONTNBUNNARANENNODNNREONANUNUNEANNAONANNANNNS | 100

ansaction: done
ransaction® done
done

To activate this environment. u
> activate tensorflow

To deactivate an active environnent, use:
Jo > deactivate

or pover-users using bash. you nust source

eensortion ciasersndninis:
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Pownloading and Extracting Packages
o 141 BEEEEERRNENERRENEE L AN SRR
B15_runtine 14.0.25420 HUNEENBNENNALENNENNNEHANEURLRANNDNNRAN D
incertstore 0.2: EENEELENENEREREEENRELENAEONNRRENENRLELNRSUNRRRREND
Wheol 6.32.0: BUENRREEURUEENRALNENURUREREURERALRNSERNNNRRARENREUNARENY
Ipip 18.0: FERNENENRNNENNENURRNENRRNRNAR R RN RO RN
zotuptools 48.4.3: BRENEENENBUNENRNNUNRENESONYRNNENRNANRRRANAGANY
lcortifi 2018.6.24: HEENBHIENRRUUENRNNNNEEEONTEURUNNNARENSRRUNARINY
T T T A T T I
‘transaction: done
done
ransact ion: done

To activate this environment, use:
> activate tonsorflov

To deactivate an active environnent, use:
> deactivate

 for power-users using bash, you must source

C: Waers\dninistrator>
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+\sers\idninistrator>conda search —full
22 done
Channel
defaults
defaults
defaults
defaults
defaults
defaults
dofaults
defaults
defaults
defaults
defaults
defaulte
defaults
defaults
defaulte
defaults
defaults
defaulte
defaults
defaults
defaults
defaults
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EEA C\Windows\system3Aemd o

fcrosoft Vindows (FiF. 6.1.26011
{74051 <> 2009 Microsoft Corporation. REFTHIA.

:\Wsers\idninistrator>conda —vos
onda 4.4.10

:\Wsers\idninistrator>conda info —envs

C:\Wsors\dninistrator>
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indows\system3 A\ exes

Stored in directory: C:\Users\idninistratorsippDataslocal wip\Cache wheolex7e
{06 \54\hcB4598ba1 daf BF970247F550b1 75 anac e85 68bAACS b2

Running setup-py bdist_vheel for opt-einsun --.

Stored in directory: C:\sers\AdninistratorsippDataslocal\pip\Cache wheels\2c
Ib1\94\130036130b929a0¢ 7ha3F BA15chA7hed1 chShhIR5C 721833

Bunning setup-py bdist_uheel for gast ... done

Stored in directory: C:\Usors\idninistratorsippDatarlocal\pip\Cache wheo1s\Sc
D76 \a1d4d4F cohebe381F378ce7743a3cod1699f obaThcr bdadadd

Bunning setup.py bdist_vheel for absl-py -.. dono

Stored in directony: C:\Isers\idninistratorippDataslacal\pip\Cache whes1s\9a:
[0 \7a 56088 e b e 47F d5de792c61 394F 6AS KIS 7LdS1c6aBHIA799

Successfully buile urapt terncolor opt-sinsun gast abel-py

Installing collected packages: numpy., weapt. six, setuptools, markdown, protobu]
. absl-py. werkzeug. grpcio. uheel. tensorboard. termcolor. astor. opt-einsun, g
st. Keras-preprocessing. google-pasta, tensorf lov-estinator, hSpy.
ions, tensorflow

Successfully installed absl-py-0.8.0 astor-9.8.0 gast-8.2.2 google-pasta-0.1.7 g

Keraz-applic]

doun-3.1.1 numpy-1.17.2 opt-sinsun-3.1.8 protobuf-3.9.2 sotuptools-41.2.8 six-1.

8 tonsorboard-2.8.0 tensorflou-2.0.9 tensorflov-sst inator-2.0.0 terncolor-1. il
0 verkzeug-9.16.0 vhes1-8.33.6 wrapt-1.11.2

C:\isers \Mdninistrator>
C:\isers Mdnin iatrator>
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To activate this envis
> activate tensorf low

To deactivate an active envirenment, u
> deactivate

« For pover-users using bash, you ust sow

£ Wsers\Adninistratoractivate tensorflow

tonsortlou> C:\sers\dninistratorszonda info
conda envirannents:

a:\Progranbatainacondad
% a:\Prograndatavinacondadsenus \eensorflov

tensorflows CiNlsers\dninistrator>
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paring transaction: done
jerifying transaction: done
fexecuting cransact

To activate this envirenment.
> activate tensonflow

To deactivate an active environent. use
> deactivate

= For pover-users using bash. vou must source

Bc: wsers aninistratorsactivate tensorflow

lcconsorsion c:userssadninistratorsconda info
I# conda environnents:
b

- 4:\ProgranbataNinacondad

—  a:\PrograndataNinacondadzenva\tensorf loy

orflow G:\sers\idninistrator>
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train_inages = (train_inages - 127.5) / 127.5

train_dataset
SIZE) .batch(BATCHSIZE)
AR

tf.data.Dataset. fron_tensor_sl1ices(train_inages) .shuffle(BUFFER_

def nake_generator():

generator
keras.
Keras..
Keras..
keras.
Keras..

Keras.
Keras.
keras.

alse),

use_bias=t
keras.
keras.
Keras..

use_bias
)

= keras
Layers
Layers
Layers
Layers
Layers

Layers
Layers
Layers

Layers
Layers
Layers

return generator

§ = nake_gener:

ator()

5. Sequential(C
Dense(7 « 7 » 256, use_bias=False, input_shape=(100,)),
Batchormalization(),

LeakyRelUQ),

Reshape((7, 7, 258)),

-Conva0Transpose(128, (5, 5), strides=(1, 1), padding='sane’,

Batchornalization(),
LeakyRelUO),

ConvaDTranspose(64, (5, 5), 2), padding:

Batchormalization(),
LeakyRelUO),
ConvaDTranspose(l, (5, 5),

padding:

lse, activation="tanh’),

2 = tf. randon.normal ([1, 1001)
fake_image = g(z, training=False)

S

def nake_discrininator()
discrininator

Keras.
Keras.
keras.
keras.
Keras.
Keras..
Keras.
Keras.

b}

Layers

Layers
Layers

Layers
Layers
Layers

Layers

Layers

keras. Sequential ([
- ConvaD (64, (5, 5), strid
LeakyRelUQ),

- Dropout(0.2),
Conv20(128, (5, 5), strides=2, 2), padding="sane"),
LeakyRelUO),

Dropout(0.2),

Flatten(),

Dense(1),

2, 2), padding=sane’),

return discriminator

d = nake_discrininator )
pred = d(fake._inage)
KBRS

cross_entropy
g optinizer

£ ke
Keras.

eras. Losses. BinaryCrossentropy (fron_logit
optimizers.Adan(le-4)
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d_optimizer = keras.optinizers.Adas(le-4)
R R B AR
def generator_loss(Fake_iange)
return cross._entropy(tf.ones._Like(fake_iange), fake.isnge)
def discrininator._loss(fake_iange, real_iange)
real_loss = cross_entropy(tf .ones._Like(real_iange), real_iange)
Fake_Loss = cross_entropy(tf .ones._Like(fake_iange), fake_iange)
return real loss + fake_loss
SRR
checkpoint_dir = . /training_checkpoints’
checkpoint_prefix = os.path. join(checkpoint_dir, *ckpt ")
checkpoint = tf. train. Checkpoint (g_optinizer=g optinizer,

d_optimizer=d_optimizer, =5, d=d)
WERERINGILR, FERILEHIIT ¢ fuction
&tf. function

def train_one_step(inages).
2 = tF.randoa.normal ((BATCH_SIZE, 2_din)
with tf.GradientTape() as g_tape, tf.GradientTape() as d_tape:
Fake_inages = g(z, training=True)
real_pred = d(inages, training=True)
fake_pred = d(fake_inages, training=True)
£-loss = generator_loss(fake_inages)
d_loss = discrininator_loss(real_pred, fake_pred)
& gradients = g tape.gradient(g_loss, g.trainsble variables)
d_gradients = d_tape.gradient(d_loss, d. trainable_varisbles)
‘.optimizer. apply_gradients (zip(g gradients, g.trainable variables))
d_optimizer.apply_gradients (zip(d.gradients, d.trainable_variables))
A LR
def train(dataset, epochs):
For epoch in range(epochs):
start = tine.tine()
for image_batch in dataset:
train_one_step(isage_batch)

generate_and_save_inages(g, epoch + 1, seed)
§F (epoch + 1) % 15 == 0
checkpoat. save(file_prefix=checkpoint_prefix)
print("Tine for epoch (} is () sec’.format(epoch + 1, tine.tine() - start))
generate_and_save_inages(s, epochs, seed)
e
def generate_and_save_inages(nodel, epoch, test_input)

predictions = nodel(test_input, training=False)

fig = plt. figure(figsize=(4, 4))

For i in range(predictions. shape[0):
plt.subplot(s, 4, i + 1)
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inport tensorflow as tf
inport. tensorflow.keras as keras
import. tensorflow.keras. layers as layers
ssL._create_default_https_context = ss
#GABGA R AN
indbekeras. datasets. indb
(trainx, trainy), (testx, text.y
SRR R
word_index = indb. get_word_index()
word21d = ki (v#3) for K, v in word_index.itens())
word21d[*<PAD>'] =
Word2id['<START>'] = 1
word21d['<UNK>"] = 2
‘word21d[ ' <UNUSED> "
id2w0rd = {v:k for k, v in word2id. iteas())
def get_words(sent_ids):
return * ‘. join(Cidzword. get(i, ‘7) for 1 in sent_ids])
sent = get_words(train_x[01)
#607AJE padding
train_x = keras. preprocessing. sequence. pad_sequences(
train.x, valueword21id['<PAD>'1,
padding="post", maxlen=256

_create_unverified_context

=keras. datasets. indb. Load_data(nun_words=10000)

)
test_x = keras. preprocessing. sequence. pad_sequences(
test_x, valuesword2id['<PAD>'1,
padding="post, maxlen=256

)
print(train_x(6])
print(‘len: ', len(train_x(e]), len(train_x(11))
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Model: " sequential 1 *

Layer (type) Output Shape Paran 7

dense_1 (Dense) (Hone, 1) 2

Total parans: 2
Trainable parans: 2
Non-trainable parans: ©
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plt.inshow(predictionsi, :, :, 8] * 121.5 + 127.5, cnap:
plt.axis('off")
plt.savefig(" image_at_epoch_{:04d).png’ . format(epoch))
plt. show()
i __nane

Eray’)

_ = *_main_
train(train_dataset, EPOCHS)
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from _future__ import absolute_import, print_function, division
import tensorflow as tf

import tensorflow.keras as keras

import matplotlib.pyplot as plt

import mmpy a5 np
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Epoch 1/5
7/Unknown - 15 204ns/step - loss: 3.5172 - accuracy: 0.5544
LA - 25 253ns/step - loss: 3.5172 - accuracy: 0.5544
- Val_loss: 0.0000e+00 - val_accuracy: ©.008e+00

Epoch 5/5

1 - ETA: 0s - loss: 0.5771 - accuracy: 0.6562
- 05 8as/step - loss: 0.5824 - accuracy: 0.7150 -
val_loss

.6013 - val_accuracy: 0.6735

22 1
Accuracy 0.6357377
Loss 0.631810694932376

- 05 4ns/step - loss: 0.6318 - accuracy: 0.6557
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import ss1
#5|A TensorFlow B AL T TensorFlow ik Keras.

inport. tensorflow as tf

import.tensorflow.keras as keras

inport. tensorflow.keras. layers as layers
ss1._create_default_https_context = ssl._create_unverified_context
BEATRA IR
indbekeras. datasets. indb

(trainx, trainy), (testx, text.
bR
print( " Training entries: (}, labels: ()" .format(len(trainx), len(trainy)))
print(train_x[0])

print(‘len: *,len(train_x(01), len(train_x(11))

=Keras. datasets. indb. 10ad_data (num_words=10000)
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inport keras.
import nuapy as np.

inport matplotlib.pyplot as plt

FHITHIIL Sequential H1Y

fron keras.models inport Sequential

#sequential SLBUMAK, WAMAJ. BRUZ. ik
fron keras. optimizers inport SCO

inport pandas as pd

import nunpy as np.

R B

X = np.Linspace(-1, 1, 300)

SRRSO, JPIA S0

Y= 0.8 % X+ 20+ np.randon.nornal (9, 0.05, (300,))
P

plt.scatter(x, ¥)

plt. show()
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import os
iaport PIL

inport inageio

import glob

inport tine.

WELHS

BUFFER_SIZE = 60000

BATCH_SIZE = 256

EpoCHS = 50

2.din = 100

nun_examples_to_generate = 16

seed = tf. randon. nornal (Lnum_examples_to_generate, 2_din])

SFALHI

(train_inages, train_labels), (., ) = keras.datasets.mnist. load_data()
PG TR

train_inages = train_inages.reshape(train_inages.shape[0], 28, 28, 1).astype
(floatzz")

train_inages = (train_images - 127.5) / 121.5

train_dataset tF data.Dataset. from_tensor_slices(train_inages) . shuf le(BUFFER._
SIZE)..batch (BATCH.SIZE)

SR

def make_generator ()

generator = keras Sequential(C

Keras.layers.Dense(7 # 7 + 256, use_bias=False, input_shape=(108.)),

Keras. layers.BatchNornal ization(),

Keras.layers.LeakyRelUO),

Keras.Layers.Reshape((7, 7, 256)),

Keras.layers. ConvaDTranspose(128, (5, 5), strides=(1, 1), padding='sane’,

Keras. layers.BatchNornal ization(),
Keras. layers. LeakyRelUO),
Keras.Layers. ConvaDTranspose(8d, (5, 5),

keras.layers Batchornalization(),
Keras.layers.LeakyRelUO),
Keras.layers. ConvaDTranspose(1, (5,

2, padding='sane’,

use_bias=False, activation='tanh’),
»
return generator.
SRR

def make_discrininator()
discrininator = keras. Sequential (L
Keras. layers.Conw2D(64, (5, 5), strides

sane’),
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Downloading data from https://storage. googleapis. com/ tensorflow/tf-keras-datasets/
indb.npz

17465344/17464789

Training entries: 25000, labels: 25000

[0, 14, 22, 16, 43, 530, 973, 1622, 1385, 65, 458, 4468, 66, 3941, 4, 173, 36, 256, 5,
25, 100, 43, 838, 112, 59, 670, 2, 9, 35, 480, 284, 5, 159, 4, 172, 112, 167, 2, 336, 385, 39,
4,172, 4536, 1111, 17, 546, 38, 13, 447, 4, 192, 50, 16, 6, 147, 2025, 19, 14, 22, 4, 1920, 4613,
469, 4, 22, 71, 87, 12, 16, 43, 530, 38, 76, 15, 13, 1247, 4, 22, 17, 515, 17, 12, 16, 626, 18,
2,5, 62, 36, 12, 8, 316, 8, 106, 5, 4, 2223, 5244, 16, 480, 66, 3785, 33, 4, 130, 12, 16, 38,
619, 5, 25, 124, 51, 36, 135, 48, 25, 1415, 33, 6, 22, 12, 215, 28, 77, 52, 5, 14, 497, 16, 82,
2,8, 4,107, 117, 5952, 15, 256, 4, 2, 7, 3766, 5, 723, 36, 71, 43, 530, 476, 26, 400, 317, 46,
7,4, 2, 1029, 13, 104, 88, 4, 381, 15, 297, 98, 32, 2071, 56, 26, 141, 6, 194, 7486, 18, 4, 226,
22, 21, 134, 476, 26, 489, 5, 144, 30, 5535, 18, 51, 36, 28, 224, 92, 25, 104, 4, 226, 65, 16,
38, 1334, 88, 12, 16, 283, 5, 16, 4472, 113, 103, 32, 15, 16, 5345, 19, 178, 321

len: 218 189

- 235 us/step
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keras. layers. LeakyReLU() ,

keras. layers.Dropout (9.2).

Keras. layers.Co20(128, (5, 5), strides=(2, 2), padding
keras. Layers. LeakyRelUQ),

keras. Layers.Dropout (0.2),

keras. layers.Flatten(),

keras. layers.Dense(1),

“same’),

b))
return discrininator
SRR
cross_entropy = tf.keras. losses. BinaryCrossentropy(fron_logits
g-optinizer = keras.optinizers.Adan(le-4)
d_optinizer = keras.optinizers.Adan(1e-4)
i SRS U A B
def generator_loss(fake_iange)
Feturn cross_entropy(tf. ones_Like(Fake_iange), fake_iange)
def discrininator_loss(fake_ionge, real_iange):
real_loss = cross_entropy(tf.ones_Like(real iange), real_iange)
Fake_loss = cross_entropy(tf..ones_Like(fake_iange), fake._iange)
return real_loss + fake_loss
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inport keras
import nunpy as np.

inport matplotlib.pyplot as plt

AHMUFHIEE Seqential B

fron keras.models import Sequential

#sequential LBV, WAMAKL. KRUZ. Wik
from keras_optimizers import SGD
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import ssl
#31A TensorFlow B T TensorFlow 134k Keras
import. tensorflow as tf
inport. tensorflow.keras as keras
import. tensorflow.keras. layers as layers
ss1. create_default_https_context = ssl._create_unverified_context
#F ARG IR
indbekeras. datasets. indb
(trainx, train.y), (test_x, text_y)=keras.datasets. indb.1oad_data(num_words=10600)
PR T R
word_index = indb. get_word_index()
e L
word2id = (k:(v+3) for k, v in word_index. itens())
word2id['<PAD>'1 = 0
word2id[ <START>"] = 1
word2id['<UNG'] = 2
word2id['<UNUSED>"] = 3
idzword = {v:k for k, v in word2id. itens())
def get_words(sent_ids)
return * *_join(Cid2word.get(1, 2') for i in sent_ids])
sent = get_words(train_x[01)
print(sent)






OEBPS/Images/CmQUOV9jc_GEDma6AAAAANgziws912271911.jpg
inport pandas as pd
from keras. layers import Dense
inport nunpy as np.
B R

X = np. Linspace( 300)
AU, A2t
Y= 0.8 % X + 20+ np. randon.nornal (0, 0.95, (300,))
A 160 . JFFILHER R

X_train, Y_train = X[:160], YL:160]

U 140 48, JFEIEAE R RGRAC

X_test, Y_test = X{160:1, YL160:]
AR

nodel = Sequential()

model.add(Dense(output_din=1, input_din=1))
BRI BRI

model.conpile(loss="mse, optinizer='sgd")
ARBTE

mode . sumary()
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from __future__ import absolute_import, print_function, division
inport. tensorflow as tf

import. tensorflow.keras as keras

inport matplotlib.pyplot as plt

inport numpy as mp

import os

import PIL

inport. inageio

inport glob

inport. tine

wEXS

BUFFER_SIZE = 60000

BATCH_SIZE = 256

EPOCHS = 50

2.din = 100

nun_exanples_to_generate = 16

seed = tf. randon. normal ([num_exanples._to_generate, 2_dinl)

2GR

(train_inages, train_labels), (., keras. datasets anist. load_data()

AR AT

train_inages = train_inages.reshape(train_inages.shapel0], 28, 28, 1).astype

('float32’)
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Downloading data from https://storage. googleapis. con/tensor flow/ tf-keras-datasets/
indb_word_index. Json

1646592/1641221 1 - 15 ous/step

<START> this film was just brilliant casting location scenery story direction everyone’s
really suited the part they played and you could just inagine being there robert <UNK> is an anazing
actor and now the sane being director <UNK> father cane from the sane scottish island as myself
S0 1 loved the fact there was a real connection with this filn the witty renarks throughout the
Filn were great it was just brilliant so mich that i bought the Film as soon as it was released
for <UNG> and would recomend it to everyone to watch and the fly fishing was anazing really cried
at the end it was 50 sad and you know what they say if you cry at a film it must have been good
and this definitely was also <UNK> to the two little boy's that played the <UNK> of norman and
paul they were just brilliant children are often left out of the <UNK> List i think because the
stars that play then all grown up are such a big profile for the whole film but these children
are anazing and should be praised for what they have done don't you think the whole story was so
lovely because it was true and was someone’s life after all that was shared with us all
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s insall cudstoolkit=1

added / updated specs:
= cudatoolkit-10.8
e

he following packages will be downloaded:
package

cudatoolkit-10.0.138 37200 MB defaules
cudnn-6.8 951 MB heeps:/smivvor]
: - tuna. ¢ inghua..edu. cn/anacondapkgs /Froo
Total: 466.1 1B
he following NEW packages will he INSTALLE

cudatoolkit: 16.0.130-8 defaults

cudnn: 88 heepst//mirrors.tuna.tsinghua.edu.c

roceed CLylsmd?
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pears to be corrupted. The path 'Scripts/vheel.exe’
nas o sha256 nismatch.

reported sha2S6: 993203a406e04936a87829b1F 182 127A739h6 10482021 3F dc49eatce8as)
o

actual shaZ66: 57cci16e1805FFASA272171076326940h947a1SF ABZH7a9 Ih21c3AcRIF 684

ransaction: done
To activate this environment. use

§ conda activate TF_20
To deactivate an active environnent.

§ conda deactivate

fhase> C:\Wsers\dninistrator>conda activate TF_26

17_20> ¢ \wsersndninistrator>
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ds = tf.data.Dataset. fron._tensor_slices((dict(datafrane), labels))
if shffle:
ds = ds. shuffle(buffer_size=len(datafrane))
ds = ds.batch(batch_size)
return ds.
#3i batch_size i
batch_size = 5
WO X B R 58
train_ds = df_to_dataset(train, batch_size=batch._size)
val_ds = df_to_dataset(val, shuffle=False, batch_sizesbatch_size)
test_ds = df_to_dataset(test, shuffle=False, batch_sizesbatch_size)
exanple_batch = next(iter(train_ds))(0]
age = feature_column. nuneric_column( " age ")
XA
def print_data(feature_colum):
feature_layer = layers.DenseFeatures feature_coluan)
print (feature_layer (exanple_batch) .numy())
#IRAT

thal = feature_colum. categorical_colum_with_vocabulary_List(’thal’, ['fixed’, ‘nornal’,

‘reversible’])
thal_enbedding = feature_colum. esbedding_colum(thal, dinension=8)
print_data(thal_esbedding)
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te.
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21873671
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21873671
12618273
08894793
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21873671

0.04679189 0.27516183  0.10210931
0.21726513)
004679189 0.27516183 0.10210931
0.21726513)
-0.5095625 -0.15360345 -0.30314672
-0.02658585)
0.04679189 0.27516183 0.10210931
0.21726513)
0.04679189 0.27516183 0.10210931
0.277265131]
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fsafecyrror: The package for wheel located at d:\ProgramData\inacondadpkys wheel
1-0.32.0-py35 1008

wpoars to be corrupted. The path ’Scripts/wheel.exe’
hac o sha256 nismatch.

roported sha2Sh: 993203a486004936a87829b1F 42 427a739h6 104820213F dc9eatoe78as)
of

actual sha266: §7cci16e18c5FFdSA2721718763209 0h847d1d5F AB2K7a9 3h21c3dcBIF 684

Jeecuting eransaceion: done

To activate this environnent. use
§ conda activate TF_26
To deactivate an active environnent.

§ conda deactivate

Adninistrator>
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Model: " sequential *

Layer (type) Output Shape Paran 7

convad (conv2D) (ore, 26, 26, 32) 320

max_pooling2d (HaxPooling20) (None, 13, 13, 32) o

convad_1 (Convao) (Hone, 11, 11, 66) 18436
max_pooling2d_1 (MaxPooling2 (None, 5, 5, 64) o
conv2d_2 (Convan) (hone, 3, 3, 66) 36928

flatten (Flatten) (None, 576) D
dense (Dense) (Hone, 64) 36928
dense_1 (Dense) (None, 1) 650

Total parans: 93,322
Trainable parans: 93,322
Non-trainable parans: 0

/inage_test/test_0.png

[1.0.0.0.0 00 0 0 0]
-> Predict digit 0

Jinage_test/test_1.png

[6.1.0.0.0.0 0 0.0 0]
-> Predict digit 1

/inage_test/test_4.png

[6.0.0.0.1.0. 0.0 0 0.
> Predict digit 4
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added / updated
~ python=3.5

he following NEV packages will be INSTALLED:

cortif 2018.8.24-p535_1001 hteps ://nirrors .tuna. tzinghua.
ondacloud/conda-Forge

bip, 18.0-py35_1001 https ://nirrors . tuna. s inghua.
pondascloud/conda-forge

pothon: 3.5.5-hen25ds0 2 B 2. tuna. ts inghua.
onda/cloud/conda-Forge

sotuptools:  40.4.3-py35 0 trrors . tuna.tsinghua.edu. cn/anal
ondac Loud /conda-Forgs

ver 110 =//nirvors.tuna. tsinghua.edu.cn/ana
onda/phgs /Freo

VS2015 runtine: 14.9.25420-0 tuna.tsinghua.
ondaphgs/tree

uheel: 0.32.0-py35_1000 s tuna.teinghua.
onda/c Loud/canda-Forge

wincortstore:  .2-pyd5_1082 erovs. tuna. ts inghua.
onda/coud/canda-Forge
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from __future__ import absolute_import, division, print_function
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ST DA IR A

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()

X_train = x_train. reshape(60000, 784).astype('float32’) / 255

X_test = x_test.reshape(10000, 784).astype('loat32") / 255

AR B

nodel..conpi Le(loss="sparse_categorical crossentropy’,
optinizer=keras.optimizers. RHSprop())

AR

history = model. fit(x_train, y_train, batch_size=64,epochs=1)

RIS HC

nodel. save_weights('my_nodeL_weights", save_forna

A

predictions = nodel .predict(x_test)

First_batch_loss = model. train_on_batch(x_train(:64], y_train(:641)

SRR BB

new_nodel = get_nodel()

new_niodel.conpi le(Loss="spare._categorical_crossentropy’,
optinizer=keras.optimizers. RSprop())

SRR OB SRR B

new_nodel 1oad_weights(ny_nodel_weights’)

SR BAT I

new_predictions = new_model.predict (x_test)

. testing assert_allclose(predictions, new_predictions, atol=le-6)

new_first_batch_loss = new_model. train_on_batch(x_train(:641, y_trainl:641)

SR AL B

if First_batch_los:
print (" is same!

else:
print( * not same! ™)

t)

new_first_batch_loss:
)
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#5 A\ Tensorflow
fron _future__ import absolute_import, division, print_function
import tensorflow as tf-

#H Nompy S int32

fron nuapy import int32

TR

print(tf.add(1,2))

print(tf.add((3,8], [2,5)

print(tf.square(6))

print (¢ reduce_sun((7,8,91))

print(tf. square(3)+tf. square(4))
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2.9.0-rc2 #4L75% TensorFlow A
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#5A Tensorflow
fron _future__ import absolute_import, division, print_function
inport. tensorflow as tf

16l TensorFlow fiUA:

DAARECLE - erbton.)
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inport tensorflow as tf
tfabab. test. is_gpu_available()
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&F.Tensor (24, shape=(), dtype=int32)
tf.Tensor(25, shape=(), dtype=int32)
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tf.Tensor (3, shape=(), dtype=int32)
tF.Tensor([5 131, shape=(2,), dtype=int32)
AF.Tensor (36, ‘shape=(), dtypesintd2)
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#3| A TensorFlow B § TensorF low 3L Keras

fron _future__ import absolute_import, division, print_function

inport. tensorflow as tf
inport. tensorflow.keras as keras
import. tensorflow.keras. layers as layers

SR TF PR JFGISE I, RAAT0) T I BB

¢ keras.backend. clear_session()
F9A Numy B
inport nunpy as np.
inport os
LaTTES
Class ThreelayerMLP (keras. Hodel)
def __init__(self, name=one):
super (ThreelayerMLP, self). _init__(n
Self.dense_1 = layers Dense(64, activati
Self.dense 2 = layers Dense(64, activati
selfpred_layer = layers.Dense(10, activati
def call(self, inputs):
X = self.dense_1 (inputs)
X = self dense_2()
return sel.pred_layer(x)
def get_nodel ()
return ThreeLayerHLP(nane='3_layer_alp')
XL
check_path = 'nodel. ckpt"
check_dir = os. path. dirnane(check_path)
o5 EEAE I S I, R
p_callback = tf.keras.callbacks. HodeICheckpoint (check_path,
save_veights_only=True, verbose=1,period=5)

2 ATAT R NI A

nane="dense_1")
“relu’, name='dense_2")
Softaax’, nas

redictions’)

(x_train, y_train), (test, y_test) = keras.datasets.mist.load_data()

X_train = x_train. reshape(60000, 784).astype('float32") / 255
X_test = x_test.reshape(10000, 784).astype('float32") / 255
HRAFR

latest = tf.train. latest_checkpoint (check dir)

print(latest)
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#31A TensorFlow BJUFIE ¥ TensorFlow fiik Keras

fron _future__ import absolute_import, division, print_function
inport. tensorflow as tf

inport. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers
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from __future__ import absolute_import, division, print_function
inport. ss1

4L TensorFlow ) MAHHEE Keras.

inport. tensorflow as tf

inport tensorflow.keras as keras
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fron __future__ import absolute_import, print_function, division
inport. tensorflow as tF
import. tensorflow.keras as keras

inport matplotlib.pyplot as plt
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ARG TF FFGIR AR, B A7) T el BRI AL
tF.keras. backend. clear_session()
#5A Nunpy Hi5
import nunpy as np.
inport os
S TUES
class ThreeLayerMLP (keras. Hodel)
def __init__(self, namesNone):
super(ThreelayerMLP, self)._init__(naneznane)
self dense_1 = layers Dense(64, activati
Self.dense_2 = layers Dense(64, activati:
self pred_layer = layers.Dense(19, activatiy
def call(self, inputs):
X = self.dense_1 (inputs)
X = self.dense_200)
return self.pred_layer(x)
def get_nodel ()
return ThreeLayerMLP (name:
A
check_path = 'model.ckpt"
check_dir = os. path.dirnane(check_path)
ST, BRI S Tk, R MR
cp_callback = tf. keras. callbacks. ModelCheckpoint (check_path,
save_veights_only=True, verbose=1,period=5)
LS BRI B
model = get_nodel ()
[N T RS
(x_train, y_train), (x_test, y_test) = keras.datasets.mnist.load_data()
x_train = x_train.reshape(60000, 784).astype(’float32") / 255
X_test = x_test.reshape(10000, 784)..astype("Float32’) / 255
LB S
model..conpi Le(loss="sparse_categorical crossentropy’,
optinizer=keras. optiizers.RHSprop())
AR
history = nodel. Fit(x_train, y_train, batch_size=64,
epochs=1, callbacks=[cp_callback])

_Layer_nlp’)
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Train on 60000 sanples

Epoch 1/10
60000/60000 - 35 4gus/sanple - loss: 0.3216
Epoch 5/16

59264/60000 1 - ETA: s - loss: 0.707
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#3 A NumPy L
import. nuapy as np.
#5A pandas HiHk
import pandas as pd
from sklearn.model_selection import train_test_split
from tensorflo import feature_colum
ss1._create_default_https_context = ss1._create_unverified_context
L] pandas AL
URL = *https: //storage. googleapis. con/applied-dl /heart. csv’
datafrane = pd. read_csv(URL)
ARSI R
train, test = train_test_split(dataframe, test_size=0.2)
train, val = train_test_split(train, test_size=0.2)
SIS R
def df_to_dataset(datafrane, shuffle=True, batch_size=32):
datafrane = datafrane. copy()
Labels = datafrane. pop(target")
ds = tF.data.Dataset. fron_tensor_slices((dict (datafrane), labels))
if shuffle:
ds = ds. shuffle(buf fer. size-]
ds = ds.batch(batch._size)
return ds
#5i X batch._size it
batch_size = 5
I SR M A A0
train_ds = df_to_dataset (train, batch.sizesbatch.size)
valds = df_to_dataset(val, shuffle=False, batch_sizesbatch_size)
test_ds = df_to_dataset(test, shuffle=False, batch_size=batch.size)
example_batch = next(iter(train_ds))[0]
age = feature_coluan. numeric_colum( " age ")
i RIS 2
def print_data(feature_colum):.
Feature._Layer = layers DenseFeatures(feature_column)
print (feature_layer (exanple._batch) . nuspy())
ML feature_colums
o

en (datafrane))

feature._colums
Aty
for header in ['age’, ‘trestbps’, ‘chol’, 'thalach’, ‘oldpeak’, 'slope’,
feature_colums. append(feature._column.numeric_column (header))
#HE bucketized 71
age_buckets = feature_colum.bucketized_colum(age, boundaries=[18, 25, 30, 35, 40, 45,
50, 55, 69, 651)
feature_columns. append(age_buckets)

o',
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import. numpy as np.
inport os
inport PIL
import insgeio
inport glob
inport tine
XS
BUFFER_SIZE = 60000
BATCH_SIZE = 256
Epocis = 50
2.din = 100
num_exanples._to_generate = 16
seed = tF.randon. normal([nun_exanples_to_generate, 2_dia)
AR
(train_inages, train_labels),
DG TR
train_inages = train_inages. reshape(train_inages. shape(9], 28, 28, 1).astype(’float32")
train_inages = (train_inages - 127.5) / 127.5
train_dataset tf.data Dataset. fron_tensor_slices(train. inages) . shuffle(BUFFER_
SIZE) .batch(BATCH SIZE)
AR
def nake_generator ()

Benerator = keras. Sequential (t
Keras.layers.Dense(7 7 * 256, use.bi;
Keras.layers.BatchVormalization(),
Keras.layers. LeakyReLUO),
Keras.layers.Reshape(7, 7, 256)),
Keras.layers. Conv2DTranspose(128, (5, 5), stride:

Keras. datasets. anist. load_data()

alse, input_sho

00,2,

. 1, padding="sone’,
use._bias=False),

Keras. ayers. BatchVormalization(),

Keras. layers. LeakyRelUO),

Keras.layers.Conv2DTranspose(64, (5, 5), strides=(2, 2),

use.bias=False),
keras. layers.BatchVormalization(),
Keras.layers. LeakyRelU(),
Keras.layers.Conv2Dlranspose(1, (5, 5), strides=(2, 2), padding='same’,
tanh’),

use_bias=False, activatic
)
return generator.
kR
def nake_discrininator():

discrininator = keras. Sequential (L
keras.layers.Com2D(64, (5, 5), strides=(2, 2), padding
Keras. layers.LeakyReLUQ),
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keras. layers.Dropout(8.2),
keras.layers.Conv20(128, (5, 5), strides=
Keras. layers. LeakyReLU(),
keras. Layers.Dropout(0.2),
Keras. layers. Flatten(),
keras. layers.Dense(1),
b))
return discriminator
SALHI TR
make_generator()
& randon. normal ([1,1001)
fake_inage = g(z, training = False)

make_discriinator()
pred = d(fake_inage)
print(‘pred score is:

, pred)
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Epoch 00005: saving model to cp-0005.ckpt

Epoch 10/10
59904/60000
Epoch 00010: saving model to cp-0010.ckot
60000/60000

5.1 - ETA: 05 - loss: 00376

- 25 38us/sample - loss: 0.0376





OEBPS/Images/CmQUOF9jc_GEfpexAAAAAJ6_B0k292547650.jpg
inport ssl
#LL TensorFlow AR Keras
inport tensorflow as tf
inport tensorflow.keras as keras
A Ny fU3
inport nuspy as np
#1A pandas Bk
inport pandas as pd
from sklearn. nodel_selection inport train_test_split
from tensorflow isport feature_colusn
ss1._create_default_https_context = ssl._create_unverified_context
071 pandas IEICHE
URL = "https://storage. googleapis. con/applied-dl/heart.csv’
datafrane = pd. read_csv(URL)
ARSI
train, test = train_test_split(dataframe, test_size=
train, val = train_test_split(train, test_size=0.2)
w5 R BB B
def df_to_dataset (datafrane, shuffl
datafrane = dataframe. copy()
Labels = dataframe. pop(_ target’)
ds = tf.data.Dataset. fron.tensor_slices((dict(datafrane), labels))
if shuffle:
ds = ds. shufFle(buffer._size=len(datafrane))
ds = ds.batch(batch.size)
return ds

rue, bateh_size

#3X batch_size f it

batch_size = 5

S X B AR

train_ds = df_to_dataset(train, batch_size=batch_size)

valds = df_to_dataset(val, shufflesFalse, batch._size=batch_size)
test_ds = df_to_dataset(test, shuffle=False, batch_sizesbatch.size)
example_batch = next(iter train_ds))(0]

age = feature_colum. nuseric_colum( " age " )

i R 2

def print_data(feature_colum):

Feature_layer
print (feature_layer example.batch) .numpy())
AR B
thal = feature_coluan.categorical _colum_with_vocabulary_ist('thal’, ['fixed’,
‘normal’, ‘reversible’])
thal_hashed=Feature_column, categorical_colum_with_hash_bucket('thal  hash_bucket. si

ayers.DenseFeatures(feature_column)

ze1000)
orint.datafentune colum. indicator_colum(thal_hisshed))
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#$ A TensorFlow
fron _future__ import absolute_import, division, print_function
import. tensorflow as tf

M NomPy A int32

fron nunpy inport int32

SRR

X = tf.nataul([031, [61], [£210)

print(0

print(x. shape)

orint(x.dtype)
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Train on 60000 samples
50000/60000

- 35 Sous/sanple - loss: 0.3171
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from __future__ import absolute_import, print_function, division
inport. tensorflow as tf

inport. tensorflow.keras as keras
inport matplotlib.pyplot as plt
inport nunpy as np.

inport os

import PIL

inport. inageio

import glob

inport. tine

XS

BUFFER_SIZE = 60000

BATCH_SIZE = 256

EPOCHS = 5

00

2.din
nun_examples_to_generate = 16

Seed = tf. randon. normal ([nun_examples._to_generate, 2_dinl)
2SR

(train_inages, train_labels), (.
SRR

plt. inshoutrain._inages[01)
plt. show()

Keras. datasets.mmist. load_data()
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#3| A TensorFlow BLJF 3§ TensorF low H)3L Keras

fron __future__ import absolute_import, division, print_function
import. tensorflow as tf

inport. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers

) TF P OIER B R Tl S USSR AL
¢ keras.backend. clear_session()

25 Numy BUSk

inport numpy as np
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from __future__ import absolute_import, division, print_function
inport ss1
L TensorFlow Jy Rt Keras
import. tensorflow as tF
import. tensorflow.keras as keras
25 Numpy B
inport nuapy as np.
#5A pandas Btk
import pandas as pd
fron sklearn.nodel_selection inport train_test_split
fron tensorflow import feature_colum
ssl._create_default_https_context = ssl._create_unverified_context
#HJ1] pandas HEICECH
URL = "hittps: //storage. googleapis. con/applied-dl /heart .csv’
datafrane = pd.read_csv(URL)
AR IR
train, test = train_test_split(dataframe, test_size=0.2)
train, val = train_test_split(train, test_size=0.2)
XM HAAB LR
def df_to_dataset (datafrane, shuffle=True, batch._size=32)
datafrane = datafrane.copy()
Labels = datafrane.pop("target)
ds = tf.data.Dataset. fron_tensor_slices((dict(datafrane), labels))
if shuffle:
ds = ds. shuffle(buffer_size=len(datafrane))
ds = ds.batch(batch_size)
return ds
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from __future__ import absolute_import, print_function, division
inport. tensorflow as tf
import. tensorflow.keras as keras
inport matplotlib.pyplot as plt
import nunpy as np.
import os
import PIL
inport inageio
inport glob
inport. tine
HEHS
BUFFER_SIZE = 60000
BATCH_SIZE = 256
EPOCHS = 5
2.din = 100
nun_exanples_to_generate = 16
seed = tf. randon. nornal ([nun_examples._to_generate, z_din)
#EARI
(train_inages, train_labels), (.
ORI
train_inages = train_inages. reshape(train_inages. shape[0], 28, 28, 1).astype('float32")
train_inages = (train_inages - 127.5) / 127.5
train_dataset
tf.data Dataset. fron_tensor_slices(train_inages) . shuffle(BUFFER_SIZE) batch(BATCH_SIZE)
AR
def make_generator()
generator = keras. Sequential([

keras. datasets.mnist. load_data()
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inport os
K
Class ThreeLayerMLP (keras. Hodel)
def __init__(self, name=one):
super (ThreelayerMLp, self).__init__(nane=nane)
Self.dense_1 = layers.Dense(64, activation="relu’, name='dense_1')
Self.dense_2 = layers .Dense(64, activation="relu’, name='dense_2')
self.pred_layer = layers.Dense(19, activation='softnax", name='predictions")
def call(self, inputs):
self. dense_1 (inputs)
Self. dense_20x)
return self.pred_layer(x)
def get_model():
return ThreeLayerHLP(nane='3_layer_alp')
i
check_path = ‘model..ckpt"
check_dir = os.path. dirnane(check_path)
5 Ul
cp.callback = tf.keras. callbacks.HodelCheckpoint (check_path,
save_weights_only=True, verbose=1)
S B SHIRB
nodel = get_nodel ()
2B AHRATRI IR
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
X_train = x_train. reshape(60000, 784).astype('float32’) / 255
x_test = x_test.reshape(10000, 784).astype('Float32’) / 255
UGB S
nodel conpi Le(loss="sparse_categorical _crossentropy’,
optinizer=keras. optimizers. RHSprop())
il
history = nodel. Fit(x_train, y_train, batch_sizes6d,
, callbacks=[cp_callback])
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#52% batch_size it
batch_size = 5
ISR BRI A
train_ds = df_to_dataset(train, batch._sizezbatch.size)
val_ds = df_to_dataset(val, shuffle=False, batch_size-batch size)
test_ds = df_to_dataset(test, shuffle-False, batch._sizezbatch_size)
exanple_batch = next(iter (train_ds))(0]
age = feature_column. numeric_colum( * age * )
R
def print_datafeature_colum)
Feature_layer = layers DenseFeatures(feature_colum)
print (feature_layer (exanple_batch) .numpy())

AR

thal = feature_colum.categorical colum with_vocabulary_list('thal’, ['fixed’,
‘normal’, ‘reversible'])

age_buckets = feature_column. bucketized_colum(age, boundaries=(

18, 25, 30, 35, 40, 50

»

crossed_feature = feature_colum. crossed_colum(age_buckets, thal], hash_bucket.
size=1000)

print_data(feature_column. indicator_column(crossed_feature))
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keras. layers.Dense(7 * 7 x 256, use_bias
Keras. layers. Batchormalization(),
Keras. layers. LeakyRelU),

Keras. layers.Reshape((7, 7, 256)),
Keras.layers.Conv2DTranspose(128, (5, 5, strides=(1, 1),

=False, input_shape=|

use_bias

use_bias

keras. layers.Batchormalization(),
Keras. layers.LeakyReLU),
keras. layers.ConvabTranspose(64, (5, 5), strides=(2, 2),

Keras.layers Batchhormalization(),
Keras. Layers. LeaksReLU(),
keras.layers.ConvabTranspose(1, (5, 9), strides=(2, 2),
alse, activation="tanh’),

B
return generator
R R
8 = make_generator ()
z = tf.random.normal([1, 100])
ke inage = 52, training=ralse)

plt. inshon(Fake_inagef0, :, :, 0], cn
plt. show()

100,)),

padding="sane’,

padding="sane’,
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Train on 60000 sanples
59968/60000 [=

Epoch 00001: saving model to model. ckpt
60000/60000

11 - ETA: 0 - loss: 0.3116

- 4s Gdus/sample - loss: 0.3115
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survived  age n_siblings_spouses  parch fare

count  627.000000 627.000000  627.000000 627.000000  627.000000
mean  ©.387560 29631308 0.545455 0.379585  34.385399
std 0.4m7s82 12511818 115109 0.792099 54597730
min  0.000000 0.750000  0.000000 0.000000  0.000000

2% 0.000000 23.000000  ©.000000 0.000000  7.895800

Sex  0.000000 25.000000  ©.000000 0.000000  15.045800
7% 1.000000 35.000000  1.000000 o.000000  31.387500

max  1.000000  80.000000  8.000000 5.000000  512.329200
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loss

0.7

0.6

04

03

02

0.1

Training and validation loss

training

—— validation|
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sudo vim /etc/modprobe.d/blacklist.conf A
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Train on 300 samples, validate on 140 samples
Epoch 1/100
300/300 1 - 0s Tns/step - los:
0.0000+00 - val_loss: 0.4971 - val_accuracy: 0.0000e+00

0.4130 - accuracy:

Epoch 100/100
3007300 - 05 161us/step - loss: 0.0447 - accuracy:
0.0000e+00 - val_loss: .0304 - val_accuracy: 0.0000e+00
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inport keras
inport nunpy as np.

inport matplotlib.pyplot as plt

MU Seaential BUN

from keras.models inport Sequential

#Sequential JLBUAIKS, BAMALL KRUL. Sl
from keras.optinizers import SGD
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x_train = x_train(:~10000]
y-train = y_train(:-10000]
SHRBAE
def get_conpiled_model():
SRATR
inputs = keras. Input (shape=(784,), nane="mmist_input")
11 = layers.Dense(64, activation='relu’)(inputs)
h2 = layers.Dense(64, activation='relu’)(h1)
R
outputs = layers.Dense(10, activation="sof tnax") (h2)
#0801 Keras HIELBUI
model = keras.Hodel(inputs, outputs)
model conpi le (optimizer=keras. optimizers. AHSprop(),
Toss=keras. losses. SparseCategoricalCrossentropy(),
metrics=[keras.metrics. sparseCategoricalAccuracy()])
return nodel
B ik, U loss Al
Class LossHistory (keras. callbacks. Callback):
def on_train_begin(self, logs):
self losses = [1
def on_epoch_end(self, batch, 1ogs):
self.losses. append(logs. get('10s5"))
print(‘\nloss: ,self.losses(-11)
1] F15z XU
nodel = get_copiled_nodel()
1 15 XN
callbacks = [
LossHistory()

1

SRR

model fit(x_train, y_train, epochs=3, batch_size=64,
callbacks=callbacks, validation_split=0.2)
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from __future__ import absolute_inport, division, print_function
A Nomy B

import numpy as np.

import ss1

%A pandas il

import pandas as pd

SSAMBILTI

inport matplotlib.pyplot as plt

_create_default_https_context = ssl. _create_unverified_context

S FRIHN csv MBI HH AL IAATBRL

df_train = pd.read_csv(’https: //storage. googleapis. con/t -datasets/titanic/train.csv’)

sl
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inport ssl
45|\ TensorFlow BLHJFIE T TensorFlow ik Keras

inport. tensorflow as tf

inport. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers

ss1._create_default_https_context = ssl._create_unverified_context
#SATRAT R WA

indb=keras. datasets. indb

(trainx, trainy), (test.x, text_y)=keras.datasets. indb. 1oad_data(num_word:
IR R

word_index = indb. get_word_index()

word2id = {k:(v+3) for k, v in word_index.items()}
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inport pandas as pd

fron keras. layers inport Dense

import nunpy as np.

SRS BEE, T

p.Linspace(-2 * 1p.pi,2 * np.pi, 300)

np.reshape(X, [X._len_(), 1)

p.randon. rand(X. __len_(), 1) * 0.1

np.sin(X) + noise

UL 160 441, FHAFILIE R A

X_train, Y_train = X(:160], VL:160]

UG 190 441 IFAFILE MY

X_test, Y_test = X[160:], YL160:]

sy BRI

models = Sequential()

nodels. add(Dense (190, init="uniform’,activation="relu’ ,input_din=1))

nodels. add(Dense(59, activation='relu’))

nodels.add(Dense(1, activation="tanh’))

nodels. conpile(optinizer="rmsprop’, loss="mse" metrics=[ " accuracy" 1)

MW, U125 100 %, % RATIZN batch 4 10 JFREHLITALEAR

models. Fit(X, Y, verbose=1, epochs=100,batch_size=10, shuffle=True,
validation_data=(x_test,¥_test))

SR AR

Y_pred = nodels.predict(X_test, batch_size=1)

plt.scatter(X_test, Y_test)

pIt.plot(X_test, Y_pred,'r.")

plt. show()

histors
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Train on 40000 samples, validate on 10000 sanples
Epoch 1/3
39360/40000

categorical_accuracy: 0.8985
loss: 0.3558141928195953
40000/40000 - 35 67us/sanple - loss: 0.3558 - sparse_

categorical_accuracy: 9.8992 - val_loss: 0.2152 - val_sparse_categorical accuracy: 0.9341

5.1 - ETA: 0s - loss: 0.35%6 - sparse_

Epoch 3/3

39616/40000 5] - ETA: @s - loss: 0.1225 - sparse.
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df _test = pd.read_csv(’https://storage. googleapis.com/tf-datasets/titanic/eval .csv')
SRR

df_train.age. hist (bins=20)

plt. show()
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word2id[*<PAD>']
word24d ' <START>"1
word2id[<UNG>]
ord2idL <UNUSED>"] = 3
id2n0rd = {u:k for k, v in word2id. itens())
dof get_words(sent_ids)
return ' *.Join(Lid2word.get(1, '2') for 1 in sent_ids])
sent = get_words(train_x0))
#0017 KIE padding
train_x = keras.preprocessing. sequence. pad_sequences(
train.x, valuesword2idC'<PAD>'],
padding="post, maxlen=256

)
test_x = keras. preprocessing. sequence. pad_sequences(
test_x, valuesword21d['<PAD>'1,
padding="post’, maxlen=256

)
SRR size
vocab,size = 10000
TR
model. = keras. Sequential ()
SR
model. add(Layers. Enbedding (vocab_size, 16))
SR, SR
‘mode. add(Layers. GlobalAveragePooling10())
IR
mode..add(layers.Dense(16, activation='relu’))
model add(layers.Dense(1, activation="signoid’))
s R
model. sumary ()
SRS
model.conpile(optinizer="adaa’, loss="binary_crossentropy’, metrics=['accuracy'])
SRR
x.val = train_x(:10000)
x_train = train x[16000:]
yoval = train_yL:10000]
y.train = train y[10000:]
STV BT
history = model fit(x_train,y_train, epochs=40, batch._size=512,
validation. dat;
g
Fesult = model evaluate(test x, text.y)
SSAMRBACT I
nport matplotlib.pyplot as plt

Cval, y.val), verbose=1)
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categorical accuracy: 9.9638
loss: 0.12251021726131439
40000/40000 - 25 4us/sample - loss: 0.1225 - sparse_
categorical_accuracy: 0.9639 - val_loss: 0.1904 - val_sparse_categorical_accuracy: 9.9433
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history_dict = history.history
history_dict.keys()

vl

history_dict[‘accuracy']

acc = history_dict['val_accuracy’]

loss = history_dict['loss']

val_loss = history_dict{'val_loss']
epochs = range(1, len(acc)+1)

BT A, ALATTF 1, SR 00 D 82 01
PLL.CIFO

frerT s

Pt plot(epochs, acc, 'bo’, label="training’)
plt.plot(epochs, val_acc, 'b', label='validation’)
PIt. title('Training and validation accuracy’)
plt.xlabel(*epochs)

plt.ylabel(*accuracy’)

plt.

plt.

legend()
show()
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*TR
sudo service lightdn start
e

nvidia-smi
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sudo service lightdn stop #H¥IE Lightdm 5

<d install_package

sudo chrod 777 NVIDIA-Linux-x86_64-410.78.run  #JFCHIX AT BURL
sudo ./NVIDIA-Linux-x86_64-419.78. run TP
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import keras
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SRR

sudo update-initranfs -u

g

reboot

SRMEE LA, W, WRILRS)

oo [ gres AouvaRE
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inport nunpy as np
inport matplotlib.pyplot as plt
MR Seauential BUI
fron keras.models inport Sequential
#Sequential LMK, BEMAL. R, Wil
fron keras. optinizers import SEO
inport pandas as pd
from keras. layers inport Dense
import nunpy as np.
AL SR, FMAY
= np. Linspace(-2 * np.pi,2 * np.pi, 300)
. reshape(X, [X._len_0), 1)
noise = np. randon. rand(X. _len_(), 1) # 0.1
¥ = mp.sin(X) + noise
R 160 1. HEHFILHE N A
X_train, Y_train = X(:160], YL:160]
2L 140 441, FAFILHE DRI
X_test, Y_test = X[160:1, Y160:]
kst 4B
nodels = Sequential()
nodels. add(Dense(100, init="uniforn’ activation="relu’ ,input_din=1))
nodels. add(Dense(50, activation='relu’))
models.add(Dense(1, activation="tanh'))
nodels. conpile(optinizer="rmsprop’, loss="mse" ,metrics=[ " accuracy" 1)
SRV, D12 100 %, & EATIZHN batch 4 10 JFRBLITAL YR
history = models. Fit(X, ¥, verbose=1, epochs=100,batch_size=10, shuffle=True,
validation_data=(X_test,Y_test))
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from __future__ import absolute_import, division, print_function
AN Ny B

inport nunpy as np.

inport sl

#5 A pandas Hiskt

inport pandas as pd

ss1._create_default_https_context = ssl. _create_unverified_context

WD csv MBI, AL IR

df_train = pd.read_csv('https: //storage. googleapis. com/tf-datasets/titanic/train.csv')
df._test = pd.read_csv('https://storage. googleapis.con/tf-datasets/titanic/eval csv')
TR

f _train.describe()

print (describe)

describe =
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blacklist nouveau
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sudo 1dconfig
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Jusr/local/cuda-10.0/1ib64
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sudo gedit /etc/1d.so.conf.d/cuda.conf
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sudo chmod 777 cuda_9.0.176_384.81_Linux.run #IPIK cuda JCPHRAT AL
sudo . /cuda_9.0.176_384.81_Linux.ru ST cuda ZHCIE
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sudo gedit ~/.bashrc





OEBPS/Images/CmQUOF9jc_iEFqCfAAAAALgdVLY489070236.jpg
Train on 48000 samples, validate on 12000 samples

Epoch 1/5

48000/48000
0.8771 - val_loss: 0.2489 - val_accuracy: 0.9288

- 35 60us/sample - Loss: 0.4328 - accuracy’

Epoch 5/5
48000/48000
0.9596 - val_loss: 0.1505 - val_accuracy: 0.9570

- 25 38us/sanple - Loss: 0.1347 - accuracy.
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FTARIGHON csv EGRIL JHEILH R AR

df_train = pd.read_csu(https://storage. googleapis. con/tf-datasets/titanic/train.csv')
df_test = pd.read_csv('https://storage. googleapis. con/tf-datasets/titanic/eval .csv')
2R LR

df_train[enbark_town’].value_counts().plot(kind="barh")

plt. show()
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#5 A NunPy BL

inport nunpy as np.

AGABIBIL LI

inport matplotlib.pyplot as plt

#41A TensorFlow B AL T TensorFlow Kyl Keras

fron tensorflow inport keras

from tensorflow.keras inport layers

from tensorflow.keras preprocessing. sequence inport pad_sequences

HEXEE

nun_features = 3000

sequence_length = 300

enbedding_dinension = 100

A ALARIR IR

(x_train, y_train), (x_test, y_test) = keras.datasets. indb. load_data(num_words=
fun_features)

AL

X_train = pad_sequences(x_train, maxlen=sequence_length)

x_test = pad_sequences(x.test, maxlen=sequence_length)

print(x_train. shape)

print(x_test,shape)
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test loss: 0.14962136347219349
test acc: 0.9566
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print(y.train. shape)
print(y_test. shape)
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#LL TensorF low 4y MERHHYL Keras
import.tensorflow as tf

import. tensorflow.keras as keras
import tensorflow.keras. layers as layers
#51H Keras ik

encode_input = eras. Input(shape=(28,28,1), nam
T b

11 = Layers.Convab(16, 3, activati

M = layers.Convad(32, 3, activation='relu’)(h1)
11 = Layers.HaxPool20(3) (1)
M = layers.Convab(32, 3, activation='relu’)(h1)

h1 = Layers.Convab(16, 3, activation='relu’)(h1)

encode_output = layers. GloballaxPool20() (h1)

AT M AR

encode_node]. = keras.Model (inputs=encode_input, outputs=encode_output, name:
SRHBTEY

encode_pode..sumary()

w5 I h2

h2 = Tayers.Reshape((4, 4, 13)(encode_output)

encoder”)

12 = layers.Conva0Transpose(16, 3, activation='relu’)(h2)
h2 = layers.ConvabTranspose(32, 3, activation='relu’)(h2)
h2 = layers.UpSampling20(3) (h2)

h2 = layers.ConvaTranspose(16, 3, activation='relu’)(h2)

decode_output = layers. ConvabTranspose(1, 3, activation="relu’)(h2)

BT h2 fU Y

autoencoder=keras. Hodel (inputs=encode_input, outputs=decode_output, nane="autoencoder )
At ALY

ioecter S0
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from __future__ import absolute_import, division, print_function
25 Numpy LS

inport nunpy as np.

inport ss1

#5A pandas itk

inport pandas as pd

SPARIBT I

inport matplotlib.pyplot as plt

ssL._create_default_https_context = ssl._create_unverified_context

ST csv (HAEN, JRAFILES ISR

df_train = pd.read_csv(https://storage. googleapis. con/tf~datasets/titanic/train.csv')
df_test = pd.read_csv('https://storage. googleapis. con/tf-datasets/titanic/eval .csv')
SRR

df_train. sex.value_counts() .plot (kind="barh")

plt.show()
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#L) TensorFlow Yy IERHHYEL Keras
inport. tensorflow as tf
inport.tensorflow.keras as keras

inport. tensorflow.keras. layers as layers
#9cfE—4Keras dit

inputs = tF.keras. Input (shape=(784,), nam
BaTT

R = layers.Dense(32, activati
h2 = layers.Dense(32, activati
Layers. Dense(10, activatior
TR AR

£ keras. odel (inputs=inputs, outputs=outputs)
BT

‘model.summary ()

ing')

frelu’) (inputs)
relu’)(h1)
“softnax') (h2)
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fron tensorflow import keras
inport pandas as pd
inport ss1
ssl._create_default_https_contex
SRR
dataset_path=keras. utils.get_file( " auto-mpg.data " , * http: //archive. ics.uci..edu/
ml/machine-learning-databases/auto-npg/auto-npg. data * )
A B
column_names = ['WPG', ‘Cylinders', 'Displacenent , ‘Horsepower ", ‘Weight,
“Acceleration’, 'Model Year’, ‘Origin']

ss1. _create_unverified_context

A
raw_dataset = pd.read_cs(dataset_path, names=colum_nanes,
na_values = " 7", coment="\t', sep=" ", skipinitialspace=True)

IR 5 TFECE TR
tail = raw_dataset.tail()
print(tail)
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Layer (type) Output Shape Param #

ing (InputLayer) C(hone, 784)] o

dense (Dense) (Hone, 32) 2120

dense_1 (Dense) (Nore, 32) 1056

dense_2 (Dense) (None, 10) 330
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#GA NumPy B
inport numpy as np
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MPG  Cylinders Displacement Horsepower Weight Acceleration Model Year Origin

93 270 4 140.0 8.0 2190 156 82 1
304 440 4 a7.0 5.0 21300 246 82 2
395 2.0 4 135.0 B0 2950 1.6 82 1
3% 4 120.0 70 5.0 186 52 1
397 4 9.0 s2.0 21200 19.4 82 1
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from __future__ import absolute_import, division, print_function
HEA Nuny B

inport nunpy as np.

inport ss1

#5A pandas Btk

import pandas as pd

AABALTI

inport matplotlib.pyplot as plt

ss1._create_default_https_context = ssl._create_unverified_context

HFRITHD cv IRARI, JFH I IIARIBG

df_train = pd.read_csv("https://storage. googleapis. con/tf-datasets/titanic/train.csv’)
df_test = pd.read_csv('https://storage. googleapis. con/tf-datasets/titanic/eval .csv')
ARFMS I

df_train*class'].value_counts(). plot (kind="barh’)

Pplt.show()
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Total parans: 26,506
Trainable parans: 26,506
Non-trainable params: @
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features)

PEARRALTIL

import matplotlib.pyplot as plt

#51A TensorFlow BUUJFIL T TensorFLow Kl Keras
From tensorflow inport keras

from tensorflow.keras import layers

From tensorflow.keras. preprocessing. sequence import pad_sequences
sES

num_features = 3000

sequence_length = 300

esbedding_dinension = 100

AR IR

(x_train, y_train), (x_test, y_test) = keras.datasets. indb. load_data (num_words:

print(x_train.shape)
print(x_test. shape)
print(y_train.shape)
print(y_test. shape)
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#LL TensorF low Jy IERHHIEL Keras
inport. tensorflow as tf
import tensorflow.keras as keras

inport. tensorflow.keras. laers as layers
BGPTSR

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
x_train = x_train.reshape(60000, 784).astype('Float32’) /255

X_test = x_test.reshape(10000, 784).astype("Float32’) /255

511 Keras Hlit

inputs = tf.keras. Input (shape=(784,), name:
X

B = layers.Dense(32, activatio

img')

relu’) (inputs)

h2 = layers.Dense(32, activation='relu’) (1)
outputs = layers.Dense(10, activation='sof tnax") (h2)
sty

nodel = tf. keras. Hodel (inputs=inputs, outputs=outputs)
keras. utils.plot_model (wodel, ‘mnist_model.png’)
keras. utils.plot_nodel(nodel, ‘mode]_info.png", show_shapes=True)
SRR S 5
nodel. conpi Le(optini zer=keras. optimizers RHSprop().
loss="sparse_categorical_crossentropy’
B APT
metrics=['accuracy')
a5 K
history = model. Fit(x_train, y_train, batch_size=64, epochs=5, validation_split=0.2)
SR, SRR
test_scores = model. evaluate(x_test, y_test, verbose=0)
print(‘test loss:', test_scores(0])
print('test acc:', test_scores[1])
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from tensorflow import keras
inport pandas as pd
inport ss1
ss1._create_default_https_contex
iSRRI
dataset_path=keras.utils.get_file( " auto-mpg.data " , * http://archive. ics. uci .edu/
ml/machine-learning-databases/auto-mpg/auto-npg. data * )
IO B
column_names = ['WPG', ‘Cylinders", 'Displacenent , ‘Horsepower ', ‘Weight",
“Acceleration’, 'Model Year’, ‘Origin’]

ss1._create_unverified_context

A
raw_dataset = pd.read_csv(dataset_path, names=colum_nanes,

na_values =", skipinitialspace=True)
SRR

ALL = raw_dataset
print(All)
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from __future__ import absolute_import, division, print_function
#PA Numy BiKk

inport nunpy as np.

inport ss1

#13A pandas sk

inport pandas as pd

AGAMETI

inport matplotlib.pyplot as plt

ss1._create_default_https_context = ssl._create_unverified_context
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Train on 300 samples, validate on 140 samples
Epoch 1/100
300/300 [
129.7934

- 05 332us/step - loss: 236.8547 - val_loss:

Epoch 100/100
'300/300 [:

- 0s 124us/step - loss: 0.0027 - val_loss: .00
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source ~/.bashrc





OEBPS/Images/CmQUOF9jc_KENf2oAAAAAKhx5OM157349848.jpg
inport keras.
inport numpy as np.

inport matplotlib.pyplot as plt

HEMFHIEE Sequential BT

fron keras.models inport Sequential

#Sequential ALBUAIH, WEMALL KWL i
from keras.optimizers import SGD
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fron __future__ import absolute_import, division, print_function
HEA Numpy BLSK

import nuapy as np.

import sl

#5\ pandas Hise

import pandas as pd

ss1. create_default_https_context = ss1._create_unverified_context

H TGN csv ORI RS ILH D IIATIRARIC

df_train = pd. read_csv("https: //storage. googleapis. con/tf-datasets/titanic/train.csv')
df_test = pd. read_csv(’https://storage. googlespis. con/tf-datasets/titanic/eval .csv')
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import sl
451\ TensorFLow B JFIE T TensorFlow it Keras
import tensorflow as tf

inport. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers

_create_unverified_context

_create_default_https_context = ss]
APATARIFR IAH I
indb=keras. datasets. indb
(train.x, trainy), (testx, text.
SRR R
word_index = indb. get_word_index()
word21d = (ki (v+3) for K, v in word_index. iteas())
word2id[’ AD>"] = 0
Word21d['<START>"] = 1
word21d['<UNG>'] = 2
word21d[ ' <UNUSED>"
id2e0rd = {v:k for k, v in word2id. iteas()}
def get_words(sent_ids):

return ' *_join(id2word.get(i, '2') for 1 in sent_ids])
sent = get_words(train_x[01)
#607AE padding
train_x = keras.preprocessing. sequence. pad_sequences(
train.x, valuesword21d['<PAD>"],
padding="post, maxlen=56

=keras. datasets. indb. Load_data(nun_words=10000)

i
test_x = keras. preprocessing. sequence. pad_sequences(
test_x, valuesword2id['<PAD>'1,
padding="post, maxlen=256

)
5L size

vocab_size = 10000

BB

nodel = keras. Sequential ()

HEMIEAL

model.add(1ayers. Esbedding(vocab_size, 16))
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export PATH=/usr/local/cuda~10.0/bin: SPATH
export LD_LIBRARY_PATH=/usr/local/cuda-10.0/1ib64: SLD_LIBRARY_PATH
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Train for 100 steps, validate for 3 steps

Epoch 1/3
1007100 [ - 25 ms/step - loss: 0.7462 -
sparse_categorical_accuracy: 0.8016 -~ val_loss: 0.4028 - val_sparse_categorical accuracy: 0.8802
Epoch 2/3
1007100 [= - 05 dms/step - loss: 03714 -
sparse_categorical_accuracy: 9.8963 - val_loss: .3114 - val_sparse_categorical accuracy: 0.8802
Epoch 3/3
1007100 [ - 05 dms/step - loss: 0.3268 -

sparse_categorical_accuracy

0.9023 - val_loss: 0.2508 - val_sparse_categorical_accuracy: 0.9167
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fron _future__ inport absolute_import, division, print_function
#5 A NumPy BLSE

inport numpy a5 mp

tmport. ss1

45 pandas B

inport. pandas as pd

o1 Acrante. datuil ¥ to oontextem 31 crenterinrua FIFIN coRtaxt
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inport pandas as pd

from keras. layers inport Dense

import nunpy as np.

RIS R 2

X = np.Linspace(-1, 1, 300)

FHURAS R &, A 26

Y= 0.8 % X + 20 + np.randon.normal(0, 0.5, (309,))

T 160 A R I A

X_train, Y_train = X[:160], V[:160]

UG 140 4 R ILH DA

X_test, Y_test = X[160:1, YL160:]

R

model = Sequential()

model.add(Dense(output_din=1, input_din=1))

BRI

model.conpile(los

AR, D12 100 2, & EAVIN batch 2 10 JFBRLITALE

history = model. fit(X, Y, verbose=1, epochs=100,batch_size=10, shuffle=True,
validation_data=(K_test, Y_test))

HE M

Y_pred = nodel..predict(X.test,batch_size=1)

Pt scatter(X_test, Y_test)

pIt plot(X_test, Y_pred,'r.")

plt. show()
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HEMIBALE, SR

nodel add(layers. GlobalAveragePoolingI10())
AT

nodel. add(layers.Dense(16, activation='relu’))
nodel. add(layers.Dense(1, activation='sigmoid'))
it A

odel. sumary()

GRS

model. compile(optimizer="adan’, loss='binary_crossentropy’, metrics=[‘accuracy’l)
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Model: " sequential *

Layer (type) Output Shape Paran #

enbedding (Enbedding) (None, None, 16) 160000

global_average_poolingld (Gl (None, 16)

dense (Dense) (None, 16 mn

dense_1 (Dense) (one, 1) ”

Total parans: 168,289
Trainable parans: 160,289
Non-trainable parans: @
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#L TensorFlow Jy MaHO3L Keras

from __future__ import absolute_import, division, print_function

import. tensorflow as tf

fron tensorflow inport keras

from tensorflow.keras import layers

AF AL IR

(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()

X_train = x_train.reshape(50000, 784).astype('float32') /255

X_test = x_test. reshape(10000, 784).astype(’floati2’) /255

1 10000 4 B e

x.val = x_train(-18000:]

y_val = y_train-10000:]

x_train = x_trainl:-10900]

y_train = y_train:-10000]

RIS

def get_conpiled model ()

TR
inputs

coras. Tnput(shape=(784,), name='mnist_input")
It = layers.Dense(64, activation='relu’)(inputs)
h2 = Tayers.Dense(64, activation="relu’)(h1)
AR
outputs = layers.Dense(10, activation='sof tnax") (h2)
1] Keras HEEHU
nodel = keras.Hodel(inputs, outputs)
nodel conpile(optinizer=keras..optinizers.RSprop(),
lossekeras. losses. SparseCategoricalCrossentropy(),
netrics=[keras.netrics. SparseCategoricalccuracy()1)
return model
D 5 AR
inport nunpy as np.
PR
model = get_compiled_nodel()
Class_weight = {1:1.0 for i in range(10)}
Class_weight(5] = 2.0
print(class_weight)
model.fit(x_train, y_train, class_weigl

lass_weight, batch_size=64,
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HTRRAN csv BRI THEILEN A ARRRIC

df_train = pd. read_csu("https://storage. googleapis. con/tf-datasets/titanic/train.csv')
df_test = pd.read_csv("https: //storage. googleapis. con/t-datasets/titanic/eval..csv')
A TTEE

head = df_train.head()

print (head)
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pip install tensorflow-gpu==2.0.0
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tar ~zxvf cudnn-10.0-1inux-x64-v7.5.1.10. tgz
ed cuda

sudo cp 11b64/Libx /usr/local /cuda-10.0/11b64/
ed fusr/local /cuda-10.0/11b64/

sudo chnod +r Libeudnn. 0.7.5.1

sudo In ~sf 1ibcudnn.so.7.5.1 ibeudan.s0.7
S R B

#0050 (A, KN 7.5.1 Hik
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inport keras

import nunpy as np.

inport matplotlib.pyplot as plt

#HITHUEE Sequential B!

fron keras.models fmport Sequential

#sequential LBUMLN, (LML, KW,

Fron keras. optimizers inport SCO

inport pandas as pd

from keras. layers inport Dense

inport nuapy as np.

B R T

X = np.Linspace(-1, 1, 300)

AR A2

Y= 0.8 % X + 20 + np.randon.nornal (0, 0.05, (300,))

WL 160 1, JEREILEINARAC

X_train, Y_train = X[:160], Y[:160]

AU 140 45, TP IR AR

X_test, Y_test = X[160:1, Y[160:]

hEE BB

rodel = Sequential()

model.add (Dense(output_din=1, input_din=1))

PR RE

model.conpile(loss="nse", optinizer='sgd’)

WU, %100 5, % REKUIY batch % 10 JFRIBLTALECE

history = modelfit(X, ¥, verbose=1, epochs=100,batch_size=10, shuffle=True,
validation_data=(X_test,Y_test))
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O Anaconda3 5.1.0 (64-bit) Setup == 8

Choose Install Location
ANACONDA  choose the folder in which to install Anaconda3 5. 1.0 (64-bit).

Setup wil install Anaconda3 5.1.0 (64-5it) in the following folder. To install in a different
folder, dick Browse and select another folder. Click Next to continue.

Destination Folder

di\ProgramDatanaconda3

Space required: 2.568
Space avalable: 275.2G8
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O Anaconda3 5.0 (64-bit) Setup lo|®] 8

Select Installation Type:
ANACONDA  Please select the type of instalaton you wouid ke to perform for
Anaconda3 5.1.0 (641).

Instal for:

© 3ust Me (recommended)

Anaconds, Inc,

<Back ][ FjiNext > Cancel
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O Anaconda3 5.1.0 (64-bit) Setup = =

License Agreement
ANACONDA  please review the license terms before instaling Anaconda3 5.1.0
(6+bit).

Press Page Down to see the rest of the agreement.

@

|Copyright 2015, Anaconda, Inc.
|Alrights reserved under the 3-ciause BSD License:

IRedistribution and use in source and binary forms, with or without modification, are
|permitted provided that the folowing conditons are met:

If you accept the terms of the agreement, dick I Agree to continue. You must accept the.
agreement to install Anaconda3 5.1.0 (64-bit).

2, Inc

(<o [ 1agee ] [[cone ]
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O Anaconda3 5.1.0 (64-bit) Setup l= 2

Welcome to Anaconda3 5.1.0
(64-bit) Setup

Setup wil guide you through the instalation of Anaconda3
5.1.0 (64-bit).

Itis recommended that you dose all other applications
before startng Setup. This wil make it possble to update:
relevant system files without having to reboot your
computer.

Click Next to continue.
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inport sl
45|\ TensorFlow HLJFIE T TensorFlow il Keras

inport. tensorflow as tf

import. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers

ss1._create_default_https_context = ssl._create_unverified_context

29 ABRA R MR IR

indbekeras. datasets. indb

(train.x, trainy), (test.x, text_y)=keras.datasets. indb. 1oad_data(num_words=10000)
R R TR

word_index = indb. get_word_index()

Word2id = (:(v#3) for k, v in word_index. itens()}

Word2id['<PAD>']
Word2id['<START>']
word21d[ <UNK>"] = 2

Word2id['<UNUSED>"] = 3

id2word = {v:k for k, v in word2id.items()}
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callbacks = [
Keras. callbacks. EarlyStopping(

BRI
monitor="val_loss’,
SR
nin_delta=te-2,
2 7 epoch HATHTHRAEL
patience=2,
verbo:

1

Py

model.fit(x_train, y_train, epoct
callbacks=callbacks, validation_spli

#checkpoint BUAl i

model = get_compiled_model ()

check_callback = keras. callbacks. ModelCheckpoint(
Filepath="aynodel_(epoch).hs",
save_best_only=True,

0, batch_size=64,
.2)

nonitor="val_loss",
verbose=1

)

A

model. fit(x_train, y_train, epochs=3, batch_size=64,
callbacks=[check_callback], validation_split=0.2)

AW IR

initial learning_rate = 0.1

Ir_schedule = keras. optimizers. schedules Exponentialbecay(
initial learning rate,
decay_steps=10009,
decay_rate=0.95,

staircas

¥

optinizer = keras.optimizers.RHSprop(learning.rats

#H1] tensorboard

tensorboard_cbk = keras. callbacks. TensorBoard(log_dir="./7.1_test_log')

model fit(x_train, y_train, epochs=S, batch_size=64,
callbacks=[tensorboard_cbk], validstion_split:

_schedule)

2
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Model: " sequential 1"

Loyer (type) Output Shape Paran 1
dense_1 (vense) (hone, 100) 20
dense.2 (bense) (ore, 50) sos0
denses (Dense) Ghone, 1> st

Total parans: 5,301
Trainable parans: 5,301
Non-trainable parans: 0
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fron _future__ iport absolute_import, division, print_function
25 Numpy UK

inport nunpy as np.

inport. ss1

#5 A pandas 5t

import pandas as pd

ssL._create_default_https_context = ssl._create_unverified_context
ST csv HHURAL JEAFILHEN MM

df_train = pd. read_csv('https:.

storage. googleapis. con/tf-datasets/titanic/train.csv')
df_test = pd. read_csv("https: //storage. googleapis. con/ tf-datasets/titanic/eval..csv')
SERYRATL, AATGRIE. BRI PR

info = df_train.info()

print (info)
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Train on 4600 sanples, validate on 10900 sanples
Epoch 1/20
40000/40000 - 35 66us/sample - loss: 0.3710 - sparse_
categorical_sccuracy: 0.8947 = val_loss: 0.2337 ~ val_sparse_categorical_accuracy: 9,0285
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<class 'pandas.core. frane.Dataframe’>

non-null
non-null
non-null
non-null
non-nu1l
non=null
non-null
non-null
non-null

RangeIndex: 627 entries, 0 to 626
Data columns (total 10 columns):
survived 27

sex 627

age 27
n_siblings_spouses 627

parch 627

fare 527

class 27

deck 27
enbark_toun 27

alone 627

non-nu1l

intss
object
Floatss
ints
intss
floates
object
object
object
object

dtypes: floatsd(2), int64(3), object(s)

menory usage: 49.1+ KB
None
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def get_words(sent_ids)
return * . join([id2word.get(i, ') for i in sent_ids))
sent = get_words(train_x(01)
#6 FAJE padding
train_x = keras. preprocessing. sequence. pad_sequences(
train_x, valuesword21dL'<PAD>"],
padding='post’, maxlen=256

)

test_x = keras. preprocessing. sequence. pad_sequences(
test_x, valuesword21d('<PAD>"],
padding="post", maxlen=256

)

L size

Vocab_size = 10000

B B

odel. = keras. Sequential ()

FTON

nodel. add(layers. Enbedding (voeab_size, 16))

SR, SR

nodel add(Layers.GlobalAveragePooling1D())

S REAGERL

odel.add(Layers Dense(16, activation="relu’))

nodel.add(Layers.Dense(1, activation="signoid’))

AT AL

nodel.sunmary ()

GBS

odel._conpile (optinize

RS

xval = train_x[:10000]

x_train

yoval

y_train = train y[10090:1

BT

history = model. fit(x_train,y.train, epochs=4, batch_size
validation_data=(x_val, y_val), verbose=1)

OB

result = modelevaluate(test_x, text.y)

SFARBATI

import matplotlib.pyplot as plt

history_dict = history.history

history_dict keysO

\istory_dict[ ‘accuracy']

adan’, loss="binary_crossentropy’, metrics=['accuracy'])
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val_:

ace = history_dict('val_accuracy']

loss = history_dict('loss']

val.

Toss = history_dict('val_loss']

epochs = range(1, len(ace)+1)

SRHR

Pt

plt.
plt.
plt.

plt
pit

plt.

plot(epochs, loss, 'bo, label="training’)
plot(epochs, val_loss, ‘b’ label="validation’)
title(*Training and validation loss')
xlabel("epochs’)

Viabel('loss’)

Tegend()

show()
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Epoch 7/20

40000/40000 - 25 dus/sample - loss: 0.0602 - sparse_
categorical_accuracy: .9815 - val_loss: 0.1355 - val_sparse_categorical_accuracy: .9616

Epoch 00007: early stopping.

Train on 40000 samples, validate on 10000 sanples

Epoch 1/3

39552/40000
categorical_accuracy: 0.8939

Epoch 00001: val_loss inproved fron inf to 0.24057, saving nodel to mymodel_1.h5

40000/40000 (= - 35 7ous/sanple - loss: 0.3888 - sparse..
categorical_accuracy: 0.8943 - val_loss: 0.2406 - val_sparse_categorical_accuracy: 0.9293

05 - loss: 0.3826 - sparse.

Epoch 3/3

39296/40000. >.] - ETA: 0s - loss: 01364 - sparse_
categorical_accuracy: 0.9597

Epoch 0003: valloss inproved fron 0.189%0 to 0.17021, saving model to mymodel 3.h5.

40000/40000 - 25 57us/sanple - loss: 0.1356 - sparse_

categorical_accuracy: .9600 - val_loss: €.1702 - val_sparse_categorical_accuracy: 8.9484

Train on 40000 samples, validate on 10000 sanples

Epoch 1/5

2019-10-09 11:59:54.702064: 1 tensorflow/core/profiler/lib/profiler_session.cc:184]
Profiler session started.

40000/40000 - 25 52us/sample - loss: 0.1075 - sparse.
categorical_accuracy: 9.9675 - val_loss: 0.1481 - val_sparse_categorical_accuracy: 9.9557

Epoch 5/5
40000/40000 - 25 43us/sample - loss: 0.0546 - sparse_

categorical_accuracy: 9.984 - val_loss: 0.1585 - val_sparse_categorical_accuracy: 9.9599
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#LL TensorF low Jy MR Keras
fron __future__ import absolute_import, division, print_function
import. tensorflow as tf

from tensorflow import keras

fron tensorflow.keras inport layers

AEAYA R AR

(x_train, y_train), (x_test, y.test) = keras.datasets.mist.load_data()
X_train = x_train. reshape(60000, 784).astype(’float32") /255

X_test = x_test.reshape (10000, 784).astype(’float32") /255

L 10000 4 He

x.val = x_train(-10000:]

y_val = y_train[-10000:]
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AR
model = get_compiled_model ()
sanple_weight = np.ones (shape=(len(y._train),))
sanple_weightly_train =20
model. fit(x_train, y_train, sanple_weight=sample_weight, batch_size=64, epochs=4)
#tf. data Bl
model = get_compiled_model ()
sanple_weight = np.ones(shape=(len(y_train),))
s1=2.0
train_dataset = tf.data.Dataset. fron_tensor_slices((x_train, y_train, sample_weight))
train_dataset = train_dataset. shuf fle(buf fer_size=1024).batch(64)
val_dataset = tf.data.Dataset. fron_tensor_slices((x.val, y_val))
val_dataset = val_dataset .batch(64)
3%
model. Fit(train_dataset, epochs=3, )

sanple_weight[y_trai
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inport keras.
inport nunpy as np.

inport matplotlib.pyplot as plt

I Sequential KA

fron keras.models import Sequential

#Sequential LML, WEMALL ML, Wil
fron keras.optinizers import SCO

inport pandas as pd

from keras.laers import Dense

inport numpy as np.
ML SR, FMAK
np.Linspace(-2 * np.pi,2 * np.pi, 300)
np.reshape(X, [X._len_0), 1)

noise = np. randon. rand(X. _len_(), 1) * 0.1
¥ = mp.sin(X) + noise

BRSNS

plt.scatter(x, ¥)

plt. show()






OEBPS/Images/CmQUOF9jc-2EQ6G1AAAAAI0RXP4934575589.jpg
survived sex
o0 male
1 Fenale
21 Fenale
31 female
40 male

5 rows x 10 colums]

ae
2.0
B0
%0
5.0
2.0

n_siblings._spouses
i
1
]

parch fare  class

o
)
o
°

7.2500 Third
71,283 First
7.925 Third
53,1000 First
8.4583 Third

deck  enbark_tom alone
unknown Southaspton n

C  cherbourg n
unknomn Southapton y
C  southamtonn

unknomn Queenstow 3.
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mport ssl
5|\ TensorFlow BSJFIE T TensorFlow FIEk Keras

inport. tensorflow as tf

inport. tensorflow.keras as keras

inport. tensorflow.keras. layers as layers

ss1._create_default_https_context = ssl._create_unverified_context

2B AHRATF R MU A

indbekeras. datasets. indb

(train.x, train.y), (test.x, text.y)=keras.datasets. indb. 1oad_data(num_word:
SRR

word_index = indb.get_word_index()

Word2id = (k:(v+3) for k, v in word_index. itens()}

Word2id['<PAD>'] = 0

Word2id['<START>'] = 1

word21d[’ <UNG>]
word2id[ ' <UNUSED>'] = 3
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id2word = {v:k for k, v in word2id. items()}
def get_words(sent_ids):

return * *.join(Cid2word.get(i, *7') for 1 in sent_ids])
sent = get_words(train_x[0])

#60 TKJE paoding

train_x = keras.preprocessing. sequence. pad_sequences(

train_x, valueword2id['<PAD>"],

padding="post", maxlen=256
)
test_x = keras. preprocessing. sequence.pad_sequences(
test_x, valueword2id['<PAD>'],
padding="post, maxlen=256
)

XL size

Vocab_size = 10000

SRR

nodel = keras. Sequential ()

HEIEAR

modeladd(1ayers. Enbedding (vocab_size, 16))

S, Ak

nodel.add(layers. GlobalAveragePooling1D())

SRR

‘modeladd(layers. Dense(16, activation='relu’))

model. add(layers.Dense(1, activation='sigmoid"))

A

nodel. sumary()

SIS

nodel.conpile(optinizer="adan’, loss="binary_crossentropy’, metrics=[’accuracy’])

SRR E

x_val = train_x(:10000]

x_train = train_x[10000:]

yoval = train_y(:10000]

y-train = train_y[10000:]

ST T

history = model. fit(x_train,y_train, epochs=40, batch_size=512,
validation_data=(x.val, y.val), verbose=1)

AR

result = nodel.evaluate(test_x, text.y)

AR

print(result)
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0: 1.0, 1: 1.0, 2: 1.0, 3: 1.0, 4: 1.0, 5: 2.0, 6: 1.9, 7: 1.0, 8: 1.8, 9: 1.0}

Train on 5000 sanples

Epoch 1/4

50000/50000
categorical_accuracy: 0.9013

45 Tius/sanple - loss: 0.3767 - sparse_

Epoch 4/4
50000/50000

categorical_accuracy: 0.9714
Train on 5000 sanples
Epoch 1/4
50000/50000

categorical_accuracy: 0.8382

35 52us/sanple - loss: 0.0997 - sparse_

35 62us/sanple - loss: 0,3806 - sparse_

Epoch 4/4

50000/50000 25 50us/sanple - loss: 0.0974 - sparse_
categorical_accuracy: 9.9725

Epoch 1/3

782/Unknown - 4s 5ms/step - oss: 0.3741 - sparse_categorical_accuracy: 0.99252019- 10-09
11:51:43.355055: W tensorflow/core/comon.runtine/base_collective_executor.  cc:216]

BaseCollectiveExecutor: :StartAbort Out of range: End of sequence
[({node IteratorGetNext})1]
7821782
categorical_accuracy: 0.9025

) - 4s sms/step - loss: 0.3741 - sparse_

Epoch 3/3
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from __future__ {mport absolute_inport, division, print_function
#5A Nompy B

import numpy as np.

import ss1

#4\ pandas L8

inport pandas as pd

ssL._create_default_https_context = ssl._create_unverified_context

SFREAN csv MBI FHILIDIAACHM IR AL

df_train = pd.read_csv('https://storage. googleapis. con/t ~datasets/titanic/train.csv')
df_test = pd. read_csv( https://storage.googleapis. con/tf-datasets/titanic/eval .csv')
A 5 T

tail = df_train. tail Q)

print (tail)
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import keras
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o2
3
4
625
26

survived

male
male
ferale
female

s

age
0
5.0
19.0
2.0
2.0

®
o
o
1

siblings_spouses parch fare

10.50
7.05
30.00
2.4
7.75

class
Second
Third
First
Third
Third

deck
wknoun
nkooun
1

ko

kst

enbark_ton
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81/782 [ 1 - ETA: 0s - loss: 0.1358 - sparse
categorical_accuracy: ©.96222019-10-09 11:51:49.115580: W tensorflon/core/connon_runtime/base_.
collective_executor.cc:216] BaseCollectiveExecutor :StartAbort Out of range: End of sequence
[({node TteratorGetNext))1]
782/782
Eateporical sccuracy: §.9822

1 - 35 dns/step - loss: ©.1358 - sparse_
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Model: " sequential *






OEBPS/Images/CmQUOF9jc_iEdmI5AAAAABbK2Nc619757690.jpg
#LL TensorF low Jy IEREFEL Keras

fron __future__ inport absolute_import, division, print_function
inport. tensorflow as tf

fron tensorflow inport keras

fron tensorflow.keras import layers
#SALEITR AR
(x_train, y_train), (x_test, y_test) = keras.datasets.mist.load_data()
x_train. reshape(60000, 784).astype('Float32") /255
X_test = x_test.reshape(10000, 784).astype("float32") /255
#1000 114 ¥
X_train(-10000:]
y_train(-10000:]
x_train(:-10000]
y-train = y_train[:-10000]
aB s
def get_conpiled_nodel ()
ST
inputs = keras. Input (shape=(784,), name="mnist_input')
M = Tayers.Dense(s4, activation='relu’)(inputs)
h2 = layers.Dense(54, activation='relu’)(hi)
AR
outputs = layers.Dense(19, activation='softmax’)(h2)
#1] Keras HEEBUR
model = keras.Model (inputs, outputs)
model.conpiLe (optiizer=keras. optinizers. RSprop(),
Loss=keras. losses. SparseCategoricalCrossentropy(),
metrics=[keras.metrics. SparseCategoricalAccuracy()])
return nodel
T P15 B
nodel = get_compiled_nodel()
kO

x_trail
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Layer (type) Output Shape Paran #

enbedding (Embedding) (Hone, None, 16) 160000

global_average_poolingld (GL (Nore, 16) o

dense (Dense) (one, 16 n

dense_1 (Dense)

160,289
Trainable parans: 160,289
Non-trainable parans: 0

Total parans

Train on 15000 sanples, validate on 10600 samples

Epoch 1/40

15000/15000 [
0.5419 - val_loss: 0.6903 - val_accuracy: 0.5644

- 25 115us/sanple - loss: 0.6920 - accuracy:

Epoch 40/40
15000/15000 [

0.9741 - val_loss: 0.3097 - val_accuracy: 0.8835
25000/1
- 15 47us/sample - loss: 0.3341 - accuracy: 0.8718
[0.33117988712787627, 0.8718]

- 15 36us/sanple - loss: 0.0949 - accuracy:
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inport numpy as np
inport matplotlib.pyplot as plt
HRNFHIEL Seqential BUAY

fron keras.models inport Sequential
#sequential LEVNAEH, WEMAKL. KRUZ. Wil

fron keras. optinizers import SEO

inport pandas as pd

fron keras. layers inport Dense

import nunpy as np.

SHRE B, TN £

X = np.Linspace(-2 » np.pi,2 * np.pi, 300)

X = np.reshape(x, [X._len_0), 11)

. randon rand(X. __len__(), 1) + 0.1

p.sin() + noise

U 160 71, JRF I A

X_train, Y_train = X(:160], YL:160]

S 140 441, FHAFICHE RN

X_test, Y_test = X[160:], Y[160:]

S i ]

nodels = Sequential()

nodels. add(Dense (199, init="uniform’,activation="relu’ ,input_din=1))
nodels. add(Dense (50, activation="relu’))

nodels. add(Dense(1, activation="tanh'))
rnsprop’, los

nots

nodels_compile(optinize
SRRB Y
models. sumary()

“mse’ metri

" accuracy " 1)
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epochs=20, batch_size=512,
validation data=(test_data, test_labels), verbose=2)

SRR KR

big_nodel = keras. Seauential(

f

AL
Tayers.Dense(512, activatio
Layers.Dense(512, activatio
Tayers.Dense(1, activatior

1

)

PRI B2

big_nodel.conpiLe(optinizer
loss="binary_crossentropy’

AT T

big_history = big_nodel. fit(train data, train labels, epachs=20, batch_si:
Validation data(test_data, test_labels), verbose=2)

adon’,

metric “binary.crossentropy’1)

Caccuracy’

12,

#dropout LA
dpt_model = keras. Seauential(
«

Layers.Dense(16, activation="relu’, input_shape=(ILWORDS. ),
#ii dropout J2
Layers.Dropout(8.5),,
Layers.Dense(16, activation
Layers.Dropout(2.5)
Tayers.Dense(1, activatior

‘relu),

siguoid’)

1

)

A4 dropout BB

dpt_odel conpile(optimizer binary_crossentropy’,
ST N )

il dropout B

dot_nodel sumary ()

4} dropout BT VIS

dpt_history = dot_model. fit(train.data, train_labels, epochs=10, batch_si:
Validation_data=(test_data, test_labels), verbose=2)

2 ENEB

12.n0de] = keras. Sequential(

r

I L2 EMA B )
Layers.Dense(16, kernel_regularizer=keras. regularizers. 12(0.001),

activation="relu’, input.shape=(WM_WORDS, )),

Layers.Dese(16, kemel_regularizerskerss. regularizers. 12(8.001),

adan’, 1o:
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activation="relu’),
Layers.Dense(1, activation="signoid")

1
)
GRS
12_nodel..compile (optimizer="adan’
Loss="binary_crossentropy’,
metrics=[‘accuracy’, "binary_crossentropy'1)
B

12_nodel.summary )
SRR VI8
12_history = 12_nodel. fit(train_data, train_labels, epochs=
validation_data=(test_data, test_labels), verbose=2)
AR
def plot_history(histories, key="binary_crossentropy'):
PIt. figure(figsize=(16,10))
for name, history in histories:
val. = plt.plot (history. epoch, history.historyl'val_"skey],
*=", label=nane. titleQ)+’ val’)
plt.plot(history.epoch, history.historylkey], color=val[@].get_color(),
Label=nane. title(+' train')
plt.xlabel(‘epochs’)
plt.ylabel (key.replace(’_"," *).title())
plt. Legend()
pLt.xLin([0,naxhistory.epoch)])
plot_history([(‘baseline’, baseline_history), (‘small’, small_history),
('big’, big_history), (‘dropout’,dpt_history), (12", 12_history)])
plt. show()

. batch_size=512,
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Model: " sequential 3"

Layer (typ0) output shave [
dense.5 (Oense) Gone, 16) To0016
dropout Orapaut) Qone, 16) .
denze_10 oenze) Gone, 16) n
aropout_1 ropout) tione, 1) .

dense_11 (Dense) (ore, 1) ”

Total parans: 160,305
Trainable parans: 160,365
Non-trainable parans: 0
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from __future__ import absolute_import, division, print_function
inport. ss1

SFABERTI

inport matplotlib.pyplot as plt

4L TensorFlow Jy MAHHIEE Keras

inport. tensorflow as tf

inport. tensorflow.keras as keras

N

import nunpy as np.

ssL._create_default_https_context = ssl._create_unverified_context
w5z S HCH A
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NUM_WORDS = 10000
A LA AR AR
(train_data, train_labels), (test_data, test_labels)=keras.datasets. indb. load_data(ren
Words=NUN_IORDS)
ATy T
def multi_hot_sequences(sequences, dinension)
results = np.zeros((len(sequences), dinension))
for 4, word_indices in enunerate(sequences).
results(1, word_indices] = 1.0
return results
ARG 45
train_data = multi_hot_sequences(train_data, dinension=NUM_WORDS)

test_data = multi_hot_sequences(test._data, dinension=N_WORDS)
A R AR
baseline_nodel = keras. Sequential(
{
RAERE
Layers.Dense(16, activation='relu’, input_shape=(NHWORDS,)),

layers.Dense(16, activation='relu’),
Layers.Dense(1, activation="signoid")

1

)

AR S

baseline_model. compile(optinizer="adon’, loss="binary_crossentropy',
“accuracy’, ‘binary_crossentropy'1)
TV AT
baseline_history = baseline_model. fit(train data, train_labels,
2
test_data, test_Labels), verbose=
B FRA R B
snall_nodel. = keras. Sequent1al(
r
SRS
Layers.Dense(4, activation='relu’, input_shape=(NM_WORDS.))
Layers. Dense: relu’),
Layers.Dense(1, activation="signoid")

. batch_siz

1

)

AR S

‘snall_nodel..copile(optinizer="adan’  Loss="binary_crossentropy’,
metrics=[‘accuracy’, 'binary.crossentropy'1)

TV

small_history = small_model.fit(train_data, train_labels,
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from __future__ import absolute_import, division, print_function
inport sl

HGABBAL T

inport matplotlib.pyplot as plt

#LL TensorFlow Y AERHKIEE Keras
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import tensorflow as tf
import tensorflow.keras as keras.
A Noapy i
isport nupy as np
Ss1._create_default_https_context = ssl._create_unveriFied_context
L
NALWORDS = 10080
AR LA LA IR A
(train_data, train labels), (test_data, test_labels)=keras.dtasets. indb. load_data(num_
Vords=NUH_WORDS)
i XA
def multi_hot_sequences(sequences, dinension):
results = np.zeros((len(sequences), dinension))
for 1, word_indices in enumerate(sequences).
results(i, word_indices] = 1.0
return results
SR ARIG A
train_data = mlti_hot_sequences(train_data, dinension=NA_NORDS)
test_data = multi_hot_sequences(test_data, inension=H_hORDS)
SRR
baseline_model = keras. Sequential(
t
SRR
Layers.Dense(16, activati
Layers.Dense(15, activatit

elu’, input_shape=(MM_NORDS,)),
1),

Layers.Dense(1, activation='signoid")
i

)

SIS

baseline_mode]. conpile(optinizer="adan’, loss="binary_crossentropy’,
metrics=[‘accuracy’, 'binary._crossentropy')

T

baseline_history = baseline_nodel. fit(train_data, train_labels,
epochs=20, batch_size=512,

validation_data=(test_data, test_labels), verbose=2)
SRR

small_nodel = Keras. Sequential(

r

Layers.Dense(4, activation='relu’, input_shape=(NM_WORDS,)),
Layers.Dense(4, activetion

relu’),
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layers.Dense(1, activatic

1
>
SRS
sma11_model. compile(optinizer
“accuracy”, binary_crossentropy'))
ST
small_history = small_nodel. fit(train data, train_labels,
epochs=20, batch_size=512,
validation.data=(test_data, test_labels), verbose=2)
SR KB
big_model = keras. Sequential(
¢
i
Layers Dense(s12, activati
Layers. Dense(12, activation="relu"),

Toss="binary.crossentropy’,

metrics:

Layers.Dense(1, activation="signoid")
1

b

S RBA S

big_model.conpile(optinizer="adan’, loss="'binary._crossentropy’,

“accuracy’, ‘binary_crossentropy’])

ST R

big_history = big_nodel. fit(train data, train_labels,
epochs=20, batch.size=512,

validation_datax (test_data, test_labels), verbose=2)
#dropout (LALHU

dot_model = keras. Seavential(

«

Layers.Dense(16, activation='relu’, input_shape=(NMWORDS, ),
#3511 dropout [
Layers.Dropout(2.5),,
Layers.Dense(16, activation='relu’),
Layers.Dropout(.5).,
Layers.Dense(1, activations"signoid)

1

)

#H18ifk dropout BB

dot_model conpile(optinizer="adan’, loss=binary_crossentropy’,
metrics=[‘accuracy’, ‘binary_crossentropy’])

#84il dropout BUMITHN

dot_wode] . sumary()
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#4 dropout BV {7114
dpt_history = dot_model fit(train data, train_labels,
epochs=10, batch_size=512,
validation data=(test_data, test_labels), verbose=2)
AR
def plot_history(histories, key='binary_crossentropy’)
plt.figure(figsize=(16,10))
for nane, history in histories:
val = plt. plot (history.epoch, history.history['val_'+keyl,
"', labelenane. titleQs’ val')
plt.plot(history. epoch, history. historykey], color=val(e].get_color(),
Label=nane. title()+" train’)
plt.xlabel(‘epochs’)
plt.ylabel(key. replace(’_"," ).title())
plt. legend()
plt.xlin((0,max(history. epoch)])
plot_history([("baseline’, baseline_history), (‘small’, snall_history),
('big!, big history), (‘dropout’,dpt_history)T)
plt.show()
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pip install tensorflow=:
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pip install pip -U
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Linux ubuntu 4.4.0-142-gener ic #168-Ubuntu SMP Wed Jan 16 21:00:45 UTC 2019 x86_64 x86_64.
X86._64 GNU/Linux
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SN Numy {50
import. nuapy as np
ss1._create_default_https_context = ssl._create_unverified_context
iz R
NM_WORDS = 10600
AR LR R WIS
(traindata, train_labels), (test_data, test_labels)=keras. datasets. indb. load_data(num_
Words=NUM_WORDS)
SR
def multi_hot_sequences(sequences, dinension):
results = np.zeros((len(sequences), dimension))
for 1, word_indices in enunerate(sequences):
results[i, word_indices] = 1.
return results
SRR
train_data = multi_hot_sequences(train_data, dimension=NALWORDS)
test_data = multi_hot_sequences(test_data, dinension=NUN_WORDS)
BB BRI
baseline_nodel = keras. Sequential(
i
(=
Tayers.Dense(16, activati
Layers.Dense(16, activati
Layers.Dense(1, activation='signoid’)
1
)
SIS
baseline_model conpile(optimizer="adan’, los:
metrics=[‘accuracy’, 'binary_crossentropy’1)
TR
baseline_history = baseline_nodel. Fit(train_data, train_labels,
epochs=20, batch._size=512,
validation data=(test_data, test_labels), verbose=2)
AU R B
small_model = keras. Sequential(
t
PRI
Layers.Dense(4, activatior
Layers.Dense(4, activation
Layers Dense(1, activation="'signoid’)

relu’, input_shape=(NM.WORDS,))
relu

inary._crossentropy”,

relu’, input_shape=(MMWORDS,))

frelu’),
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)

A BB

‘snall_nodel..conpi le(optinizer='adan’, los
metrics=[‘accuracy’, 'binary_crossentropy’])

AT AT

snall_history = snall_nodel. fit(train_data, train_labels,
epochs=20, bateh_size=512,
validation data=(test data, test_labels), verbose2)

AP

big_nodel = keras. Sequential(

3

fEs=
Layers.Dense(512, activation='relu’, input_shape=(NUH.WORDS, ),
Layers. Dense(512, activati
layers.Dense(1, activati

binary_crossentropy,

1
)
AR ABI B
big_nodel..conpi le(optimizer="adan’, 1o
metrics=‘accuracy’, 'binary_crossentropy’])
AT
big_history = big model. fit(train_data, train_labels, epochs
validation_data=(test_data, test_labels), verbose=2)
SRR
def plot_history(histories, key='binary_crossentropy'):
plt. figure(figsize=(16,10))
for nane, history in histories:
val = plt.plot(history.epoch, history.history['val_"+keyl,
-, label=nane. title()+" val)
p1t.plot(history. epoch, history. history[key], color=val(6].get color(),
Label=nane. title()+ train’)
plt.xlabel(*epochs’)
plt.ylabel key. replace(.
plt. Legend()
plt.xlin((0,max(history. epoch)])
plot_history([("baseline’, baseline_history),
C'small’, small history), ('big’, bighistory)))
plt.show()

binary_crossentropy,

. batch_size=512,

). tit1e0)
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from __future__ import absolute_import, division, print_function

inport ss1

SR T

inport matplotlib.pyplot as plt

AL TensorFlow JyJERHFIEE Keras

import. tensorflow as tf

import. tensorflow.keras as keras

HGA Ny L

inport. numpy as mp

ssl._create_default_https_context = ss1._create_unveri fied_context

S

NUM_WORDS = 10000

A5 AT L H T R RIS

(train_data, train_labels), (test_data, test_labels)=}
Words=NUA_WORDS)

i HR AR

eras. datasets. indb. load_data(num._
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def nulti_hot_sequences(sequences, dimension):
results = np. zeros((len(sequences), dimension))
for 1, word_indices in enumerate(sequences)
results(i, word_indices] = 1.0
return results
ARV RN AT L
train_data = nulti_hot_sequences(train_data, dinension-}
test_data = nulti_hot_sequences (test_data, dimension=NUH_WORDS)
AU B RIEE
big_nodel = keras. Sequential(

3

[ZS=
Layers.Dense(512, activation='relu’, input_shape=(NUMWORDS.,))
Tayers.Dense(512, activation="relu’),
Tayers.Dense(1, activation='sigmoid’)

1

)

AR IKB S

big_model.conpile(optinizer="adan’,
loss='binary._crossentropy’
metrics=[‘accuracy’, ‘binary_crossentropy’])
AT AT
big_history = big_model.fit(train data, train_labels, epochs:
validation data=(test_data, test_labels), verbiose=2)

. batch_size=512,
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Train on 25000 samples, validate on 25000 samples.

Epoch 1/20

5000/25000 - 185 - loss: 0.3408 - accuracy: 0.8563 - binary_crossentropy: 0.3408 -
val_loss: 0.2962 - val_accuracy: 0.8780 - val_binary_crossentropy: 0.2962

Epoch 20/20
25000/25000 - 175 - Loss: 1.1888e-05 - accuracy: 1.8000 - binary_crossentropy: 1.1888e-05
- val_loss: 6.9637 - val_accuracy: @.6710 - val_binary_crossentropy: 9.9637
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from __future__ {mport absolute_inport, division, print_function
import. ss1

SPARIBILTI

inport matplotlib.pyplot as plt

#L) TensorFlow Jy MRt Keras

import tensorflow as tf

import tensorflow.keras as keras
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from __future__ import absolute_import, division, print_function
import ss1
FEARIBETIL
import matplotlib.pyplot as plt
#1 TensorFlow Jy LR Keras
import. tensorflow as tf
inport. tensorflow.keras as keras.
#5A Nuapy fL8k
import. numpy as np
ss1._create_default_https_context = ssl._create_unverified_context
i B
NUM_WORDS = 10000
AR DL AR AR
(train_data, train_labels), (test data, test_labels)=keras. datasets. indb. load_data(nun._
words=NUH_WORDS)

i AT K
def multi_hot._sequences(sequences, dinension):

results = np.zeros((len(sequences), dinension))

for 1, word_indices in enunerate(sequences):

results[i, word_indices] = 1.0

return results
AR RI AT 45
train_data = multi_hot_sequences(train_data, dimension=NUM_WORDS)
test_data = multi_hot_sequences(test_data, dinension=NUM_WORDS)
A B IR
big_nodel. = keras. Sequential(
3
prSTaos
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layers.Dense(512, activatic input_shape=(NUM_WORDS, )) ,
layers.Dense(512, activati

layers.Dense(1, activati

1

)

AU A S

big_nodel conpi le(optimizer="adan’, loss="binary_crossentropy’,
metrics=[‘accuracy’, 'binary_crossentropy'])

KBS

big_model. summary()
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Model: " sequential *

Layer Ceype) output shape Paran #
dense oense) Guane, 512) sizesiz
P — Gone, 512) 252658
dense_2 (oemse) ) ED

Total parans: 5,383,681
Trainable parans: 5,383,681
Non-trainable parans: O
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from __future__ import absolute_import, division, print_function
inport. ss1
4L TensorFlow W ILRIHIL Keras
inport. tensorflow as tf
inport. tensorflow.keras as keras
25 Nuay BU
import nunpy as np.
#5 A pandas sk
inport pandas as pd
fron sklearn.mode]_selection import train_test_split
fron tensorflow inport feature_coluan
ss1._create_default_https_context = ssl._create_unverified_context
#41] pandas TEIKECHE
URL = "https: //storage. googleapis. con/applied-dl/heart .csv’
datafrane = pd. read_csv(URL)
SR NI
train, test = train_test_split(datafrane, test_size=0.2)
train, val = train_test_split(train, test_size=0.2)
5 XA B
def df_to_dataset(datafrane, shuffle=True, batch_size=32):
datafrane = datafrane.copy()
labels = dataframe.pop(’target')
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ds = tf.data.Dataset. from_tensor_slices((dict(dataframe), labels))
if shffle:
ds = ds. shuffle(buffer_size=len(dataframe))
ds = ds. batch(batch_size)
return ds.
#1i2 X bateh_size it
batch_size = 5
T XA M 7 19
train_ds = df_to_dataset(train, batch_size=batch_size)
val_ds = df_to_dataset(val, shuffle=False, batch_sizesbatch_size)
test_ds = df_to_dataset(test, shuffle=False, batch_sizesbatch_size)
exanple_batch = next(iter(train_ds))[0]
5 XU
def print_data(feature_column)
feature_layer = layers.DenseFeatures(feature_colum)
print (feature_layer(exanple_batch) .numpy())
ol
age = feature_colum. nuneric_coluan( " age * )
print_data(age)
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Model: " sequential *

Layer (type) Output Shape

convad (ConvzD) (None, 26, 26, 32) 32

max_pooling2d (MaxPooling2d) (None, 13, 13, 32) o

conv2d_1 (Convao) (None, 11, 11, 66) 18496

max_pooling2d_1 (HaxPooling2 (None, 5, 5, 64) o

conv2d_2 (ConvzD) (None, 3, 3, 64) 36928

flatten (Flatten) (hone, 576) o

dense (Dense) (Hone, 64)

dense_1 (Dense) (None, 19)

Total parans: 93,322
Trainable parans: 93,322
Non-trainable params: 0
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from PIL inport Inage
#5A NumPy B
inport nunpy as np.
4Ll TensorFlow RN Keras
inport. tensorflow as tf
from tensorflow.keras import datasets, layers, models
50, O B
class CN(object):
def __init_(self):
model = models. Sequential ()
BB RN 0, 320, 28%28 SIS
‘model. add(layers. Conv20(
32, (3, 3), activation="relu’, input_shape=(28, 28, 1))
model add(1ayers. MaxPooling20((2, 2)))
o2 BB BREAAN 313 641

modeladd(layers.Conv2D(64, (3, 3), activation='relu’))
modeladd(layers. MaxPooling2D((2, 2)))

3 BGBL BRI 303, 64 4

imodel. add(layers.Conv2D(64, (3, 3), activation='relu’))
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from __future__ import absolute_import, division, print_function
import ssl
1 TensorFlow Jy ILREHIAL Keras
import tensorflow as tF
import tensorflow.keras as keras
PN
import nuapy as np.
#5A pandas il
inport pandas as pd
from sklearn.nodel_selection import train_test_split
from tensorflow import feature_colum
ssl._create_default_https_context = ssl._create_unverified_context
4 pandas HEIKECH
URL = "https: //storage. googleapis. con/applied-dl/heart.csv"
datafrane = pd.read_csv(URL)
AR NI
train, test = train_test_split(datafrane, test_size=0.2)
train, val = train_test_split(train, test_size=0.2)
i XU BT
def df_to_dataset(dataframe, shuffle=True, batch_size=32):
datafrane = datafrane.copy()
Labels = datafrane. pop(target’)
ds = tf.data Dataset. from_tensor_slices((dict(datafrane), labels))
iF shuffle:
ds = ds.shuffle(buffer_size=len(datafrane))
ds = ds.batch(batch_size)
return ds
#E X bateh_size
batch_size = 5
S XA R 7 7
train_ds = df_to_dataset(train, batch_sizezbatch_size)
val_ds = df_to_dataset(val, shuffle=False, batch_size-batch_size)
test_ds = df_to_dataset (test, shuffle=False, batch._size=batch_size)
exanple_batch = next(iter(train_ds))[0]
age = feature_column.numeric_column( " age " )

W SBAR R
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def print_data(feature_column)
feature_layer = layers.DenseFeatures feature_colum)
print (feature_layer (exanple_batch)..numy())
AR

thal = feature_colum.categorical_colum_with_vocabulary_List(’thal’, ['fixed’,
“reversible'])

“normal

thal_one_hot = feature_colum. indicator_column(thal)
print_data(thal_one_hot)
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mode..add(layers. Flatten())

[Ze
model.add(layers. Dense(64, activation="relu’))
modeladd(layers.Dense(19, activation='softnax"))

B
model sumary ()
Self nodel = model

XA

class Predict(object)

def __init__(self):
latest = tf. train. latest_checkpoint (. /ckpt")
self.cnn = KO
ARUE BT
self.cnn.nodel. Load_weights(latest)
def predict(self, inage_path);

LU R
ing = Inage.open(inage_path). convert(‘L")
flatten_ing = np.reshape(ing, (28, 28, 1)
x = mp.array([1 - flatten_ing])
¥ = self .cnn.model..predict(x)
S X SUEAT K, IR yCoI ]
#np. argnax OMAHIKHL Fh, BACEIECE
print(inage_path)

print(y[el)
print(’ > Predict digit’, mp.argax(yLeD)
if _name__ == " _main_":

test = Predict()

AAHMRIE AT
test.predict("./inage_test/test_0.png")
test.predict("./inage_test/test_1.png")
test.predict(’. /image_test/test_4.png')
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from __future__ import absolute_import, division, print_function
import. sl
L) TensorFlow J EREHIEL Keras.
inport. tensorflow as tf
import. tensorflow.keras as keras
5 NarPy Bk
inport nunpy as np.
#5A pandas Sl
inport pandas as pd
fron sklearn.mode]_selection import train_test_split
fron tensorflow import feature_coluan
ssL._create_default_https_context = ssl._create_unverified_context
441 pandas HIKECH
URL = "https: //storage. googleapis. con/applied-dl/heart .csv’
datafrane = pd.read_csv(URL)
RN
train, test = train_test_split(dataframe, test_size=0.2)
train, val = train_test_split(train, test_size=0.2)
5 XA B
def df_to_dataset (datafrane, shuffle=True, batch size=32):
datafrane = datafrane.copy()
labels = dataframe.pop(’target')
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inport ssl
import os
1 TensorFlow Jy ERYHIAE Keras
import. tensorflow as tf
from tensorflow.keras inport datasets, layers, models
ss1._create_default_https_context = ssl._create_unverified context
5, oW B
class CNN(object):
def __init_(self):
model. = models. Sequential ()
1 BB, BB 343, 325, 28428 HIFUIAERI AN
nodel.add(Layers . Convap(
32, (3, 9, activation='relu’, input_shape=(28, 28, 1)))
model add(layers. MaxPool ing2D((2, 2)))
2 BB BB 343, 641
nodel.add(Layers.Conv2D(64, (3, 3), activations'relu’))
modeladd(layers. MaxPooLing2D((2, 2)))
3B BB 313, 64
nodel.add(layers.Cov2D(64, (3, 3), activatior
model add(layers. Flatten())
AR

nodel.add(layers .Dense(64, activation

relu’y)

frelu))
nodel.add(Layers Dense(19, activation='softnax"))

AR
nodel. sumary()
self.nodel = model.

5 YRR

class DataSource(object)

def __init_(self):
25 INIST Sl
(train_inages, train_labels), (test_inages,
test_labels) = datasets.mnist.load_data()

60000 SVIZKIE )Y 10000 ML
train_inages = train_inages. reshape((60000, 28, 28, 1))
test_images = test_inages. reshape((19000, 28, 28, 1))
AR RBE 01
train_inages, test_inages = train_inages / 255.0, test_inages / 255.0
Self. train_inages, self.train_labels = train_inages, train_labels
melf text Tnsgae. sxif tast.labala'm test dnmgen: tust latals
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fron __future__ import absolute_import, division, print_function
inport ss1

4Ll TensorFlow ALREMIEL Keras

inport. tensorflow as tf

inport. tensorflow.keras as keras

25 Numpy U

import nunpy as np.

#5A pandas Hisie

import pandas as pd

from sklearn.model_selection import train_test_split
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MR
class Train:
def __init_(self):
ano
self.data = DataSource()
def train(seln):
check_path = *./ckpt/cp-(epoch:4d.ckpt
o5 MR, R 5 B KR
save_nodel cb = tf keras. cal lbacks. HodeICheckpoint(
check_path, save_weights_only=True, verbose=1, period=5)
B BH
self.cnn.model. conpile (optinizer="adan’,
loss="sparse_categorical_crossentropy’, metrics=[accuracy’]
AT
Self.cnn.model. Fit(self. data. train_inages, self.data.train_labels,
epochs=5, callbacks=[save_odel_cb])
AR
test_loss, test_acc = self.con.model .evaluate(
self data. test_images, self data. test_labels)
print( " M %.4f, SRR TAD KIJE * % (testace, len(self.data. test_

self.con

Tabels)))
52X MainOFEC
if _nane__ == " _main_
BRI
test = TrainQ)
test.train()
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from tensorflow import feature_column
ssL._create_default_https_context = ssl._create_unverified_context
#4L1] pandas TEIKECH
LRL = “https: //storage. googleapis. con/applied-dl /heart..csv’
datafrane = pd. read_csv(URL)
SRR
train, test = train_test_split(datafrane, test_size=0.2)
train, val = train_test_split(train, test_size=0.2)
5 LA it
def df_to_dataset (datafrane, shuffle=True, batch_size=32):
datafrane = datafrane. copy()
labels = datafrane.pop(*target”)
ds = tf.data.Dataset. from_tensor_slices((dict(datafrane), labels))
if shffle:
ds = ds. shuffle(buffer_size=len(datafrane))
ds = ds. batch(batch_size)
return ds.

it

bateh_size 1
batch.size = 5
S R T4
train_ds = df_to_dataset(train, batch_size=batch_size)
val_ds = df_to_dataset(val, shufflesFalse, batch_size-batch.size)
test_ds = df_to_dataset(test, shuffle=False, batch_sizesbatch_size)
example_batch = next(iter(train_ds))(0]
age = feature._calumn. nuneric_colum( " age ")
S SR
def print_data(feature_column)
feature_layer = laers.DenseFeatures(feature_colum)
print (feature_layer(example_batch).numpy())
#Hyk bucketized ¥
age_buckets = feature_column.bucketized_column(age, boundaries=[
18, 25, 3, 3, 40, 50

»
print_data(age_buckets)
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Model: " sequential *

Laver Ceype) output Shape Faran +
convad (Convzn) Qone, 26, 2, )
war_poolingzd (haxposling20) (one, 13, 13, 7 0
conv2d_1 (Conv2D) (None, 11, 11, 64) 18496
sax_poalingza1 (axpooling? (e, 5. 5, 66) o
prp— Gone, 3, 3, 66

flatten (Flatten) (None, 576)
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1
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dense (Dense) (Mone, 64) 36928

dense_1 (Dense) (Hone, 10 650

Total parans: 93,322
Trainable parans: 93,322
Non-trainable parans: 0

Train on 60000 sanples

Epoch 1/5
60000/60000 1 - 58 968us/sample - loss: 0.1491 - accuracy: 0.9540
Epoch 5/5

59936/60000 >.] = ETA: 0 - loss: 0.0195 - accuracy: 0.9940

Epoch 00095: saving model to . /ckpt/cp-0095.ckpt
60000/60000 ====] - 515 843us/sample - loss: 0.0195 - accuracy: 0.9940
16000/1 [ ] - 25 228us/sample - loss: 0.9135 - accuracy: 0.9913
W% 0.9913, LA T 10000 FKIE T
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Model: " sequential 4"

Layer (type) Output Shape. Paran 4

dense_12 (Dense) (None, 16) 160016

dense_13 (dense) (None, 16)

dense_14 (Dense) (None, 1) ”

Total parans: 169,305
Trainable parans: 160,305
Non-trainsble parsms: @
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Every feature: ['age’, 'sex’, 'cp’, 'trestbps’, 'chol’, 'fbs’, ‘restecg’, ‘thalach’,
‘exang’, ‘oldpeak’, 'slope’, 'ca’, 'thal’]

A bateh of ages: tf Tensor([52 50 48 59 63], shape=(5,), dtype=int32)

A batch of targets: tf.Tensor([0 @ 1 1 11, shape=(5,), dtype=int32)
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#Ld TensorFlow A HEREFIEL Keras
inport. tensorflow as tf
fron tensorflos.keras inport datasets, layers, models
S, o ALK
class CNN(object)
def __init__(self
model = models. Sequential ()
1R, BB 303, 32 28028 WHUIEIRIGH K
‘model..add(layers. Conv2D(
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32, (3, 3), activation="relu’, input_shape=(28, 28, 1)))
model.add(Layers. HaxPooling2d((2, 2)))
2 BB BB 33, 64
‘modeladd(layers.Conv2b(64, (3, 3), activation="relu’))
model. add(layers. MaxPooling2D((2, 2)))
3 BB BB 343, 64 1
nodel.add(Layers.Conv2D(64, (3, 3), activation='relu’))
nodel.add(Layers. Flatten())
AR
nodel.add (Layers Dense(64, activation
nodel.add(Layers Dense(10, activation
AR
model. summary ()
self.nodel = model
X MainOHEC
if _nane_ E
W FITE XU O R
WO

relu)
Softnax'))
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#4 A pandas HiLik
inport pandas as pd

ss1._create_default_https_context = ssl. _create_unverified_context
#HEJT] pandas VEHCECHE

URL = "https: //storage. googleapis.con/applied-d1 /heart .csv’
datafrane = pd.read_csv(URL)

SRR RIARIC

train, test = train_test_split(datafrane, test_size=0.2)

train, val = train_test_split(train, test_size=0.2)
print(len(train), 'troin examples)

print(len(val), ‘validation examples)

PincCenCest) )i tastiexamlenty)
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ankle boot 84%(Ankle boot)
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193 train examples
49 validation examples
61 test examples
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inport sl
4L TensorFlow JyIERHFEL Keras
fron tensorflow inport keras
from tensorflow.keras import layers
FRARIELT I
inport matplotlib.pyplot as plt
ss1._create_default_https_context = ss1._create_unverified_context
AFATHAT I IIRRRIC
(train_inages, train_labels), (test_images, test_labels) = keras.datasets.fashion_
mist.load_data()
XA
Class_nanes = ['T-shirt/top’, 'Trouser’, 'Pullover’, ‘Dress’, 'Coat’,
‘Sandal’, ‘Shirt’, 'Sneaker’, 'Bag’, ‘Ankle boot']
AL
train_inages = train_inages / 255.0
test_inages = test_inages / 255.0

g
model = keras. Sequential(
BB

3
Layers. Flatten(input_shape=[28,281),
prs o
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from __future__ import absolute_import, division, print_function
import ss1

4L TensorFlow JILRIHIL Keras

import. tensorflow as tf

import. tensorflow.keras as keras

#GA Numpy BUK

import nuapy as np.

#5A pandas sk

inport pandas as pd

fron sklearn.model_selection import train_test_split
ssl._create_default_https_context = ssl._create_unverified_context
#{f] pandas FIECHE

URL = "https: //storage. googleapis. con/applied-dl/heart..csv’
datafrane = pd.read_csv(URL)

SR NI

train_test_split(datafrane, test_size=0.2)

train, tes
train, val = train_test_split(train, test_size=0.2)
o UHHA AU 0 2
def df_to_dataset (datafrane, shuffle=True, batch_size=32)
datafrane = datafrane. copy()
Labels = datafrane.pop(’target )
ds = tf.data.Dataset. fron_tensor_slices((dict(datafrane), labels))
iF shuffle:
ds = ds. shuffle(buffer_size=len(datafrane))
ds = ds.batch(batch_size)
return ds.
#52 X batch_size it
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layers.Dense(128, activation='relu’),
Layers.Dense(10, activation='softnax')
»
LT
model conpile(optimizer
metrics=[ ‘accuracy'])
AR IRIFAT, Vg5 &
model. fit(train_inages, train_labels, epochs=5)
FRARGRE(G, BT MR
predictions = model. predict(test_inages)
def plot_inage(i, predictions_array, true_label, ing):
predictions_array, true_label, ing = predictions_array[il, true_label[i], ingli]
plt grid(False)
plt.xticks(C))
plt.yticks(C))
plt. inshow(ing, crap=plt.cn.binary)
predicted_label = np.argnax (predictions_array)
if predicted_label = true_label:
color = ‘blue’

sparse_categorical_crossentropy’,

else:
color = 'red’
plt.xlabel( " () (:2.07)% ((3) " -format(class_names[predicted_label],
1002np. max (predictions_array), class_names[true_labell), color=color)
def plot_value_array(i, predictions_array, true_label)
predictions_array, true_label = predictions_array[il, true_label(1]
Pt grid(False)
plt.xticks(C))
plt.yticks(C))
thisplot = plt.bar(range(10), predictions_array, color=" #777777")
plt.ylin(lo, 11)
predicted_label = np.argnax(predictions_array)
thisplotpredicted_label]. set_color(’red")
thisplotLtrue_Label]. set_color('blue’)
nun_rows = 5
nun_cols = 3
nun_inages = num_rowsenun_cols
plt. figure(Figsize=(2#2+nun_cols, 2enum_rons))
for 4 in range(nun_inages)
plt. subplot (num_rows, 2¢num_cols, 2+i+1)
plot_inage(i, predictions, test_labels, test_inages)
plt. subplot(num_rous, 2+num_cols, 2+i+2)
plot_value_array(i, predictions, test_labels)
DIt show()
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batch_size = 5
59 A B 17
train_ds = df_to_dataset(train, batch_size=batch_size)
val_ds = df_to_dataset(val, shuffle=False, batch_sizesbatch_size)
test_ds = df_to_dataset(test, shuffle=False, batch_size=batch_size)
for feature_batch, label_batch in train_ds. take(1):

print(‘Every feature: ", list(feature_batch.keys()))

print('A batch of ages:', feature_batchl'age’])

print('A batch of targets: ', label_batch )
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Epoch 1/5
60000/60000

1 - 55 8ous/sample - loss: 0.4998 - accuracy: 0.8242

Epoch 5/5

60000/60000 [= ] - 4s 64us/sample - loss: .2979 - accuracy: 0.8912
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from __future__ import absolute_import, division, print_function
import. ssl

#LL TensorFlow Jy ALRYFJEE Keras
import. tensorflon as tf

import. tensorflo. keras as keras
5 Nonpy BLSk

inport numpy a5 p

#5 pandas BISE

inport. pandas as pd
ss1._create_default_https_contex
#11] pandas UIKEE

URL = "https: //storage. googLeapis. con/applied-dl heart s’
datafrane = pd.read_cov(RL)

SRS (TR

head = datafrane. head()

prdnt (head).

ss1._create_unverified_context






OEBPS/Images/CmQUOF9jc-yEcGpRAAAAALnzJqQ086379515.jpg
inport ssl

L TensorFlow JyAERlHIEL Keras

Fron tensorflow inport keras

Fron tensorflow.keras import layers

ASABIBILTI

inport matplotlib.pyplot as plt

ss1._create_default_https_context = ss1. create_unverified_context

AR AT IR I

(train_inages, train_labels), (test_images, test_labels) = keras.datasets.fashion_
mist.load_data()

AR

Class_nanes = ['T-shirt/top’, 'Trouser’, 'Pullover’, ‘Dress’, 'Coat

*Sandal’, 'Shirt’, 'Sneaker’, 'Bag', 'Ankle boot']
AR

train_images

train_inages / 255.0
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test_images = test_images / 255.0
P
model = keras. Sequential(
SRR
3
Layers. FlattenCinput_shape=(28, 281),
=
Layers.Dense(128, activation="relu’),
Layers.Dense(10, activation='sof tsax")

»
SRS
model.conpi le (optinize:
metrics=["accuracy'])
AT DR, W
model. fit(train_iages, train_labels, epochs=5)
PRANRINR. TN
predictions = model. predict(test._inages)
i XA
def plot_inage(i, predictions_array, true_label, ing):
predictions_array, true_label, ing = predictions_array[il, true_labelli], ing(i]
plt.grid(False)
pLe.xticks((])
pLE.yticks((])
pL. inshou(ing, caapsplt.cn.binary)
S IR LR 51
predicted_label = np.argaax(predictions._array)
if predicted_label == true_label:
color = ‘blue’

don’, loss="sparse_categorical_crossentropy’,

else:
color = 'red
PLE.xlabel( " ) {:2.0)% (()) " -format(class_nanes[predicted_label],
104p.max (predictions_array), class_nanes[true_labell), color=color)
def plot_value_array(i, predictions_array, true_label):
predictions_array, true_label = predictions_array(i], true_label(i]
plt.grid(False)
pLE.xticks(])
pLe.yticks((])
thisplot = plt.bar(range(19), predictions_array, color=" #177777")
pLEyLin([0, 11)
predicted_label = np.argnax(predictions_array)
thisplot[predicted_label].set_color('red")
thisplottrue_label]. set_color( blue’)
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from __future__ import absolute_import, division, print_function
import ss1

4L TensorFlow WALRNEL Keras

inport. tensorflow as tf

inport. tensorflow.keras as keras

#A NumPy B

inport numpy as np
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plt. figure(figsize=(6,3))
plt.subplot(1,2,1).

plot_image(1, predictions, test_labels, test_inages)
plt.subplot(1,2,2)

plot_value_array(i, predictions, test_labels)

plt. show()





