
Assignment 3 Part1 Summary  

实现了任意层数的全连接神经⽹络的⾃动微分框架,并且实现了常⻅的⼀阶优化器

Regularization  

L1

L2

Dropout

Batch normalization

So on.

AutoGrad Framework for fc layers  

整体架构:

(L-1){linear-ReLu} {Linear-Softmax}

L-1层 Linear-ReLu 最后加上⼀层 Linear - softmax.



Linear Layer  

 

Forward:计算出输出,并且返回当前的  以供之后计算梯度使⽤.

Backward:将upstream Grad 与local Grad 相乘形成downstream Grad with respect to W,X 
and b 传播给上⼀层. 求导⻅之前笔记.

ReLu  

 

Forward: 计算Y,并且返回X以供计算梯度使⽤.

Backward: 计算梯度,根据X取值正负决定梯度是否向前传播.

 

Linear-ReLu  

将两层合并成⼀个模块,减少代码量.

Softmax  

计算cross- entropy,并且返回对输⼊的梯度,求导⻅之前笔记.

实验:  



计算出的解析梯度以及数值梯度的误差.



三层⽹络,使⽤SGD在cifar-10上得到如下结果

 

Optimizer  

SGD  

对整个Batch梯度的蒙特卡洛估计



SGD问题:

损失函数有较⾼的条件数,在不同的⽅向上的学习步⻓可能会震荡或者⼏乎不变

局部极⼩值或者鞍点处梯度为0,⼏乎不训练.

minibatch can be noisy.

 

SGD + Momentum  

将优化过程看作是⼩球从⼭顶滚下⼭,在下⼭的过程中会积累速度.使得学习率发⽣改变. 对梯
度在时间上积分



在CIFAR-10数据集上的训练结果.可以看到⽐SGD取得了很⼤进步.





Nestrov Momentum  



AdaGrad  

⾃适应学习率

当dw很⼤时,通过处以平⽅和,适当减少学习率

反之适当增⼤.

问题:grad_squared ⼀直上升 造成问题

RMSProp: Leaky Adagrad  



Adam: RMSProp + Momentum  

问题: t=1时,beta2 = 0.999时, 使得moment2很⼩, 从⽽使得步⻓很⼤.

引⼊bias correction



drop out  

按照概率p,随机静默某⼀节点,类似⼤脑的代偿功能.

""" Vanilla Dropout: Not recommended implementation (see notes below) """

p = 0.5 # probability of keeping a unit active. higher = less dropout

def train_step(X):

  """ X contains the data """

  

  # forward pass for example 3-layer neural network

  H1 = np.maximum(0, np.dot(W1, X) + b1)

  U1 = np.random.rand(*H1.shape) < p # first dropout mask



 

  H1 *= U1 # drop!

  H2 = np.maximum(0, np.dot(W2, H1) + b2)

  U2 = np.random.rand(*H2.shape) < p # second dropout mask

  H2 *= U2 # drop!

  out = np.dot(W3, H2) + b3

  

  # backward pass: compute gradients... (not shown)

  # perform parameter update... (not shown)

  

def predict(X):

  # ensembled forward pass

  H1 = np.maximum(0, np.dot(W1, X) + b1) * p # NOTE: scale the activations

  H2 = np.maximum(0, np.dot(W2, H1) + b2) * p # NOTE: scale the activations

  out = np.dot(W3, H2) + b3

""" 

Inverted Dropout: Recommended implementation example.

We drop and scale at train time and don't do anything at test time.

"""



 

p = 0.5 # probability of keeping a unit active. higher = less dropout

def train_step(X):

  # forward pass for example 3-layer neural network

  H1 = np.maximum(0, np.dot(W1, X) + b1)

  U1 = (np.random.rand(*H1.shape) < p) / p # first dropout mask. Notice /p!

  H1 *= U1 # drop!

  H2 = np.maximum(0, np.dot(W2, H1) + b2)

  U2 = (np.random.rand(*H2.shape) < p) / p # second dropout mask. Notice /p!

  H2 *= U2 # drop!

  out = np.dot(W3, H2) + b3

  

  # backward pass: compute gradients... (not shown)

  # perform parameter update... (not shown)

  

def predict(X):

  # ensembled forward pass

  H1 = np.maximum(0, np.dot(W1, X) + b1) # no scaling necessary

  H2 = np.maximum(0, np.dot(W2, H1) + b2)

  out = np.dot(W3, H2) + b3
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