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STAT 479: Deep Learning, Spring 2019 
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Lecture 10

Regularization
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Overview: Regularization / Regularizing Effects

• Early stopping 

• L1/L2 regularization (norm penalties) 

• Dropout

Goal: reduce overfitting  
usually achieved by reducing model capacity and/or reduction of 

the variance of the predictions (as explained last lecture)
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Figure 3: Illustration of bias and variance.

Figure 4: Learning curves of softmax classifiers fit to MNIST.

the training set is small, the algorithm is more likely picking up noise in the training set so that the
model fails to generalize well to data that it has not seen before. This observation also explains the
pessimistic bias of the holdout method: A training algorithm may benefit from more training data,
data that was withheld for testing. Thus, after we evaluated a model, we may want to run the learning
algorithm once again on the complete dataset before we use it in a real-world application.

Now, that we established the point of pessimistic biases for disproportionally large test sets, we may
ask whether it is a good idea to decrease the size of the test set. Decreasing the size of the test set
brings up another problem: It may result in a substantial variance of a model’s performance estimate.
The reason is that it depends on which instances end up in training set, and which particular instances

13

Softmax on MNIST subset (kept test set size constant)

Best Way to Reduce Overfitting is Collecting More Data
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Best Way to Reduce Overfitting is Collecting More Data

• Collecting more data is always recommended 

• If not possible, data augmentation is also helpful (e.g., for images: random 
rotation, crop, translation ...) -- actually, this is always recommended (and easy 
to do) 

• Additionally, reducing the capacity (e.g., regularization) helps

(In statistics, I notice the tendency to come up with more and more complex 
modeling techniques, based on heavy and unrealistic assumptions, whereas usually the 
data amount and quality is the real bottleneck ... e.g., a Bayes Optimal Classifier is 
not really more useful than logistic regression if the data is no good => "garbage in 
garbage out" principle)



Sebastian Raschka           STAT 479: Deep Learning            SS 2019 �5

training_transforms = torchvision.transforms.Compose([
    #torchvision.transforms.RandomRotation(degrees=20),
    #torchvision.transforms.Resize(size=(34, 34)),
    #torchvision.transforms.RandomCrop(size=(28, 28)),
    torchvision.transforms.RandomAffine(degrees=(-20, 20), translate=(0.15, 0.15),
                                        resample=PIL.Image.BILINEAR),
    torchvision.transforms.ToTensor(),
    torchvision.transforms.Normalize(mean=(0.5, 0.5, 0.5), std=(0.5, 0.5, 0.5)),
    # normalize does (x_i - mean) / std
    # if images are [0, 1], they will be [-1, 1] afterwards
])

test_transforms = torchvision.transforms.Compose([
    torchvision.transforms.ToTensor(),
    torchvision.transforms.Normalize(mean=(0.5, 0.5, 0.5), std=(0.5, 0.5, 0.5)),
])

# for more see
# https://pytorch.org/docs/stable/torchvision/transforms.html

train_dataset = datasets.MNIST(root='data', 
                               train=True, 
                               transform=training_transforms,
                               download=True)

test_dataset = datasets.MNIST(root='data', 
                              train=False, 
                              transform=test_transforms)

Data Augmentation in PyTorch via TorchVision
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resample=PIL.Image.BILINEAR

Data Augmentation in PyTorch via TorchVision

Original

Augmented

Augmented w/o

https://github.com/rasbt/stat479-deep-learning-ss19/tree/master/L10_regularization/code/
data-augmentation.ipynb 

note that it is random

note that it is random

https://github.com/rasbt/stat479-deep-learning-ss19/tree/master/L10_regularization/code/data-augmentation.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/tree/master/L10_regularization/code/data-augmentation.ipynb


Now: Other Ways for Dealing with Overfitting  
if Collecting More Data is not Feasible 

=> Reducing Network's Capacity by Other Means
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Now: Other Ways for Dealing with Overfitting  
if Collecting More Data is not Feasible 

=> Reducing Network's Capacity by Other Means

• smaller architecture: fewer hidden layers & units, dropout, 
(dead ReLUs, L1 norm penalty) 

• smaller weights: Early stopping, norm penalties 
• adding noise: Dropout

Consider extreme case  
(and think of what that leads to,  

in context of last lecture)
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Early Stopping

Step 1: Split your dataset into 3 parts 
(always recommended) 
• use test set only once at the end (for unbiased 

estimate of generalization performance) 
• use validation accuracy for tuning (always 

recommended)

Step 2: Early stopping  
(not very common anymore) 
• reduce overfitting by observing the 

training/validation accuracy gap during 
training and then stop at the "right" 
point
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As I am sure you already know it from various statistics classes, 
we will keep it short: 
 

• L1-regularization => LASSO regression 
• L2-regularization => Ridge regression (Thikonov regularization)

Basically, a "weight shrinkage" or  a "penalty against complexity"

L1/L2 Regularization
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L1/L2 Regularization
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where:

and λ is a hyperparameter
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L1/L2 Regularization

where:
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• L1-regularization encourages sparsity (which may be useful) 
• However, usually L1 regularization does not work well in practice 

and is very rarely used 
• Also, it's not smooth and harder to optimize
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Geometric Interpretation of L2 Regularization

2nd component: 
minimize penalty term

Compromise between penalty 
and cost

1st component: 
minimize cost function

wi
<latexit sha1_base64="mKDmnWfGezBcThHlfbPZ8Pz+m5g=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU37vF+tuXV3BrJMvILUoECzX/3yBzFLI5SGCap113MT08uoMpwJnFb8VGNC2ZgOsWuppBHqXjbLPCUnVhmQMFb2SUNm6u+NjEZaT6LATuYZ9aKXi/953dSEV72MyyQ1KNn8UJgKYmKSF0AGXCEzYmIJZYrbrISNqKLM2JoqtgRv8cvLpH1W987r7t1FrXFd1FGGIziGU/DgEhpwC01oAYMEnuEV3pzUeXHenY/5aMkpdg7hD5zPH35jkfk=</latexit>
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Geometric Interpretation of L2 Regularization

2nd component: 
minimize penalty term

Compromise between penalty 
and cost

1st component: 
minimize cost function
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L2 Regularization for Neural Nets

sum over layers
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L2 Regularization for Neural Nets

Regular gradient descent update:

Gradient descent update with L2 regularization:

wi,j := wi,j � ⌘
@L
@wi,j

<latexit sha1_base64="5ZjwwihY2mDS1cW07vV16R1eYEo="></latexit>
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✓
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+
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n
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◆

<latexit sha1_base64="2cuezq6jhNya88Eqgh7isNRI5hg="></latexit>
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L2 Regularization for Logistic Regression in PyTorch

Manually: 

optimizer = torch.optim.SGD(model.parameters(), lr=0.1)

for epoch in range(num_epochs):
    
    #### Compute outputs ####
    out = model(X_train_tensor)
    
    #### Compute gradients ####
    
    #########################################################
    ## Apply L2 regularization (weight decay)
    cost = F.binary_cross_entropy(out, y_train_tensor, reduction='sum')
    cost = cost + 0.5 * LAMBDA * torch.mm(model.linear.weight,
                                          model.linear.weight.t())
    
    # note that PyTorch also regularizes the bias, hence, if we want
    # to reproduce the behavior of SGD's "weight_decay" param, we have to add
    # the bias term as well: 
    cost = cost + 0.5 * LAMBDA * model.linear.bias**2
    #-------------------------------------------------------
    
    optimizer.zero_grad()
    cost.backward()

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L10_regularization/
code/L2-log-reg.ipynb

(Note that I am using 0.5 here because PyTorch does it; 
Could be considered "convenient " as the exponent "2" 
cancels in the derivative. This implementation exactly 
matches the  one on the next slide)

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L10_regularization/code/L2-log-reg.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L10_regularization/code/L2-log-reg.ipynb
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L2 Regularization for Logistic Regression in PyTorch

Automatically: 

#########################################################
## Apply L2 regularization
optimizer = torch.optim.SGD(model.parameters(), 
                            lr=0.1, 
                            weight_decay=LAMBDA)
#-------------------------------------------------------

for epoch in range(num_epochs):
    
    #### Compute outputs ####
    out = model(X_train_tensor)
    
    #### Compute gradients ####
    cost = F.binary_cross_entropy(out, y_train_tensor, reduction='sum')
    optimizer.zero_grad()
    cost.backward()

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L10_regularization/
code/L2-log-reg.ipynb

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L10_regularization/code/L2-log-reg.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L10_regularization/code/L2-log-reg.ipynb
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Question: Why is the bias usually not regularized (if 
you think of linear models)?



Sebastian Raschka           STAT 479: Deep Learning            SS 2019 !21

L2 Regularization for Neural Nets in PyTorch

• For all layers, same as before ("automatic approach" via weight_decay)

• Or, manually: for epoch in range(NUM_EPOCHS):
    model.train()
    for batch_idx, (features, targets) in enumerate(train_loader):
        
        features = features.view(-1, 28*28).to(DEVICE)
        targets = targets.to(DEVICE)
            
        ### FORWARD AND BACK PROP
        logits, probas = model(features)
        
        cost = F.cross_entropy(logits, targets)
        
        # regularize loss
        L2 = 0.
        for p in model.parameters():
            L2 = L2 + (p**2).sum()
        cost = cost + 2./targets.size(0) * LAMBDA * L2
        
        optimizer.zero_grad()
        cost.backward()
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L2 Regularization for Neural Nets in PyTorch

• For all layers, same as before ("automatic approach" via weight_decay)

• Or, manually: for epoch in range(NUM_EPOCHS):
    model.train()
    for batch_idx, (features, targets) in enumerate(train_loader):
        
        features = features.view(-1, 28*28).to(DEVICE)
        targets = targets.to(DEVICE)
            
        ### FORWARD AND BACK PROP
        logits, probas = model(features)
        
        cost = F.cross_entropy(logits, targets)
        
        # regularize loss
        L2 = 0.
        for p in model.parameters():
            L2 = L2 + (p**2).sum()
        cost = cost + 2./targets.size(0) * LAMBDA * L2
        
        optimizer.zero_grad()
        cost.backward()

Why did I use  
"/target.size(0)" here?
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L2 Regularization for Neural Nets in PyTorch

• Or, if you only want to regularize the weights, not the biases:

        # regularize loss
        L2 = 0.
        for name, p in model.named_parameters():
            if 'weight' in name:
                L2 = L2 + (p**2).sum()
            
        cost = cost + 2./targets.size(0) * LAMBDA * L2
        
        optimizer.zero_grad()
        cost.backward()
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Effect of Norm Penalties on the Decision Boundary

Assume a nonlinear model
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Dropout
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Hinton, G. E., Srivastava, N., Krizhevsky, A., Sutskever, I., & Salakhutdinov, R. (2012). 
Improving neural networks by preventing co-adaptation of feature detectors. arXiv 
preprint arXiv:1207.0580. 

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., & Salakhutdinov, R. (2014). 
Dropout: a simple way to prevent neural networks from overfitting. The Journal of 
Machine Learning Research, 15(1), 1929-1958. 

Original research articles:

Dropout
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<latexit sha1_base64="51Rbp1GGPW28qr7Kl7NY0LPiq2o=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquCnosevFYwX5Iu5Zsmm1Dk+ySZIWy9Fd48aCIV3+ON/+N6XYP2vpg4PHeDDPzgpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Gbmt5+o0iyS92YSU1/goWQhI9hY6QH3vce06p1O++WKW3MzoGXi5aQCORr98ldvEJFEUGkIx1p3PTc2foqVYYTTaamXaBpjMsZD2rVUYkG1n2YHT9GJVQYojJQtaVCm/p5IsdB6IgLbKbAZ6UVvJv7ndRMTXvkpk3FiqCTzRWHCkYnQ7Hs0YIoSwyeWYKKYvRWREVaYGJtRyYbgLb68TFpnNe+85t5dVOrXeRxFOIJjqIIHl1CHW2hAEwgIeIZXeHOU8+K8Ox/z1oKTzxzCHzifP5zWj58=</latexit>

a(1)2
<latexit sha1_base64="UEIEXkJI4Qcu+777LfA5dwpJBR0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqFffuolS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGeYI+g</latexit>

a(1)3
<latexit sha1_base64="F0cJIqijoEg/scv4wVZxoymO2Dc=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquLeix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0nrouJVK+5drVS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGf6o+h</latexit>

a(2)2
<latexit sha1_base64="Rx/RXsiT+s/v11w3kFUY/JZyKRU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/TcvV82i+W3Io7B1olXkZKkKHRL371BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6s8oAhZGyJQ2aq78nUiy0nojAdgpsRnrZm4n/ed3EhFd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsvr5JWteLVKu7dRal+ncWRhxM4hTJ4cAl1uIUGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QOf5o+h</latexit>

a(2)1
<latexit sha1_base64="vfx38n+ae04OFRd5luhElMypRJ0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPue49puXo+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqFffuolS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGeXI+g</latexit>

o1
<latexit sha1_base64="P19Wda8vivmLhYYW0RO0w4mIIBA=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFoNgFe5U0DJoYxnRmEByhL3NXrJkb/fYnRNCyE+wsVDE1l9k579xk1yhiQ8GHu/NMDMvSqWw6PvfXmFldW19o7hZ2tre2d0r7x88Wp0ZxhtMS21aEbVcCsUbKFDyVmo4TSLJm9HwZuo3n7ixQqsHHKU8TGhfiVgwik66192gW674VX8GskyCnFQgR71b/ur0NMsSrpBJam078FMMx9SgYJJPSp3M8pSyIe3ztqOKJtyG49mpE3LilB6JtXGlkMzU3xNjmlg7SiLXmVAc2EVvKv7ntTOMr8KxUGmGXLH5ojiTBDWZ/k16wnCGcuQIZUa4WwkbUEMZunRKLoRg8eVl8nhWDc6r/t1FpXadx1GEIziGUwjgEmpwC3VoAIM+PMMrvHnSe/HevY95a8HLZw7hD7zPH/6VjZk=</latexit>

o2
<latexit sha1_base64="lp3ZeQ57DPk1EUCeNsK7Ny2DKe8=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2g9ol5JNs21oNlmSrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJKPdpKwICZDySNOiXXSg+rX+uWKV/XmwKvEz0kFcjT65a/eQNE0ZtJSQYzp+l5ig4xoy6lg01IvNSwhdEyGrOuoJDEzQTY/dYrPnDLAkdKupMVz9fdERmJjJnHoOmNiR2bZm4n/ed3URtdBxmWSWibpYlGUCmwVnv2NB1wzasXEEUI1d7diOiKaUOvSKbkQ/OWXV0mrVvUvqt79ZaV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwAAKI2a</latexit>

L(y,o)
<latexit sha1_base64="jRuGYuNAf6C7yfYguq+x/vIHq08=">AAACDHicbZDLSsNAFIYnXmu9VV26GSxCBSmJCrosunHhooK9QBvKZDpph05mwsxECCEP4MZXceNCEbc+gDvfxkkaQVt/GPj4zznMOb8XMqq0bX9ZC4tLyyurpbXy+sbm1nZlZ7etRCQxaWHBhOx6SBFGOWlpqhnphpKgwGOk402usnrnnkhFBb/TcUjcAI049SlG2liDSrUfID3GiCU3aS1nz0/i9Bj+sEiPTJddt3PBeXAKqIJCzUHlsz8UOAoI15ghpXqOHWo3QVJTzEha7keKhAhP0Ij0DHIUEOUm+TEpPDTOEPpCmsc1zN3fEwkKlIoDz3RmK6rZWmb+V+tF2r9wE8rDSBOOpx/5EYNawCwZOKSSYM1iAwhLanaFeIwkwtrkVzYhOLMnz0P7pO6c1u3bs2rjsoijBPbBAagBB5yDBrgGTdACGDyAJ/ACXq1H69l6s96nrQtWMbMH/sj6+AYGV5uW</latexit>

a(1)4
<latexit sha1_base64="uxWzlquY+EeW/UpcO69SCXeIYtQ=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquLeix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPu1x7Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0nrouJVK+5drVS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGhdI+i</latexit>

a(1)5
<latexit sha1_base64="NHK0ywkULzi4Jl2BlAjdO8n2Yig=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquVfRY9OKxgv2Qdi3ZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Gbqt56o0iyS92YcU1/ggWQhI9hY6QH3Lh7Tsnc66RVLbsWdAS0TLyMlyFDvFb+6/YgkgkpDONa647mx8VOsDCOcTgrdRNMYkxEe0I6lEguq/XR28ASdWKWPwkjZkgbN1N8TKRZaj0VgOwU2Q73oTcX/vE5iwis/ZTJODJVkvihMODIRmn6P+kxRYvjYEkwUs7ciMsQKE2MzKtgQvMWXl0nzrOJVK+7deal2ncWRhyM4hjJ4cAk1uIU6NICAgGd4hTdHOS/Ou/Mxb8052cwh/IHz+QOi/o+j</latexit>

a(2)3
<latexit sha1_base64="vBxbcVs2Wnfm0yi6DKhPPczIBHw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPu1x7TcvV82i+W3Io7B1olXkZKkKHRL371BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6s8oAhZGyJQ2aq78nUiy0nojAdgpsRnrZm4n/ed3EhFd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsvr5JWteLVKu7dRal+ncWRhxM4hTJ4cAl1uIUGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QOhcI+i</latexit>

a(2)4
<latexit sha1_base64="vsgJntgqeAyiGWhpRcem3fXieTw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuLeix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPu1x7TcvV82i+W3Io7B1olXkZKkKHRL371BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6s8oAhZGyJQ2aq78nUiy0nojAdgpsRnrZm4n/ed3EhFd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsvr5JWteJdVNy7Wql+ncWRhxM4hTJ4cAl1uIUGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QOi+o+j</latexit>

o3
<latexit sha1_base64="wT+53Eb88nVtTpSfn4qk4kRsjrU=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexaQY9FLx4r2g9ol5JNs21oNlmSrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJKPdpKwICZDySNOiXXSg+rX+uWKV/XmwKvEz0kFcjT65a/eQNE0ZtJSQYzp+l5ig4xoy6lg01IvNSwhdEyGrOuoJDEzQTY/dYrPnDLAkdKupMVz9fdERmJjJnHoOmNiR2bZm4n/ed3URtdBxmWSWibpYlGUCmwVnv2NB1wzasXEEUI1d7diOiKaUOvSKbkQ/OWXV0nrourXqt79ZaV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwABrI2b</latexit>

Dropout in a Nutshell: Dropping Nodes

Originally, drop probability 0.5 
(but 0.2-0.5 also common now)
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Dropout in a Nutshell: Dropping Nodes

How do we drop the nodes practically/efficiently?

Bernoulli Sampling (during training):
• p := drop probability 
• v := random sample from uniform distribution in range [0, 1] 
•   
• a := a� v

<latexit sha1_base64="szUeBY7jxQv01MfWqzesiW1S2RI=">AAACE3icbVDLSsNAFJ3UV42vqEs3g0UQFyVRQRGEohuXFewDmlAmk0k7dJIJM5NCCf0HN/6KGxeKuHXjzr9x0gaprQcGzpxzL/fe4yeMSmXb30ZpaXllda28bm5sbm3vWLt7TclTgUkDc8ZF20eSMBqThqKKkXYiCIp8Rlr+4Db3W0MiJOXxgxolxItQL6YhxUhpqWuduBFSfT/M0BheXcOZn8sDrsxfZTjuWhW7ak8AF4lTkAooUO9aX27AcRqRWGGGpOw4dqK8DAlFMSNj000lSRAeoB7paBqjiEgvm9w0hkdaCWDIhX6xghN1tiNDkZSjyNeV+YZy3svF/7xOqsJLL6NxkioS4+mgMGVQcZgHBAMqCFZspAnCgupdIe4jgbDSMZo6BGf+5EXSPK06Z1Xn/rxSuyniKIMDcAiOgQMuQA3cgTpoAAwewTN4BW/Gk/FivBsf09KSUfTsgz8wPn8Agrad7w==</latexit>

Then, after training to make predictions (DL jargon: "inference")

8i 2 v : vi := 0 if vi < p else vi
<latexit sha1_base64="2saPzN9SBNfiQrXUrd5jpDI59M4="></latexit>

a := a� (1� p)
<latexit sha1_base64="VNKN/K5WhOwo17ucpiVRXZLFb2k=">AAACEHicbVDLSgMxFM3UV62vUZdugkWsC8uMCoogFN24rGAf0BlKJpNpQzPJkGSEMvQT3Pgrblwo4talO//GTNtFrR4InJxzL/feEySMKu0431ZhYXFpeaW4Wlpb39jcsrd3mkqkEpMGFkzIdoAUYZSThqaakXYiCYoDRlrB4Cb3Ww9EKir4vR4mxI9Rj9OIYqSN1LUPvRjpfhBlaAQvr+DMD3oiFBpWXHgMk6OuXXaqzhjwL3GnpAymqHftLy8UOI0J15ghpTquk2g/Q1JTzMio5KWKJAgPUI90DOUoJsrPxgeN4IFRQhgJaR7XcKzOdmQoVmoYB6YyX1jNe7n4n9dJdXThZ5QnqSYcTwZFKYNawDwdGFJJsGZDQxCW1OwKcR9JhLXJsGRCcOdP/kuaJ1X3tOrenZVr19M4imAP7IMKcME5qIFbUAcNgMEjeAav4M16sl6sd+tjUlqwpj274Beszx+rYpsK</latexit>
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Dropout in a Nutshell: Dropping Nodes

How do we drop the nodes practically/efficiently?

Bernoulli Sampling (during training):

Then, after training to make predictions (DL jargon: "inference")
Q for you: Why is this required?a := a� (1� p)

<latexit sha1_base64="VNKN/K5WhOwo17ucpiVRXZLFb2k=">AAACEHicbVDLSgMxFM3UV62vUZdugkWsC8uMCoogFN24rGAf0BlKJpNpQzPJkGSEMvQT3Pgrblwo4talO//GTNtFrR4InJxzL/feEySMKu0431ZhYXFpeaW4Wlpb39jcsrd3mkqkEpMGFkzIdoAUYZSThqaakXYiCYoDRlrB4Cb3Ww9EKir4vR4mxI9Rj9OIYqSN1LUPvRjpfhBlaAQvr+DMD3oiFBpWXHgMk6OuXXaqzhjwL3GnpAymqHftLy8UOI0J15ghpTquk2g/Q1JTzMio5KWKJAgPUI90DOUoJsrPxgeN4IFRQhgJaR7XcKzOdmQoVmoYB6YyX1jNe7n4n9dJdXThZ5QnqSYcTwZFKYNawDwdGFJJsGZDQxCW1OwKcR9JhLXJsGRCcOdP/kuaJ1X3tOrenZVr19M4imAP7IMKcME5qIFbUAcNgMEjeAav4M16sl6sd+tjUlqwpj274Beszx+rYpsK</latexit>

• p := drop probability 
• v := random sample from uniform distribution in range [0, 1] 
•   
• a := a� v

<latexit sha1_base64="szUeBY7jxQv01MfWqzesiW1S2RI=">AAACE3icbVDLSsNAFJ3UV42vqEs3g0UQFyVRQRGEohuXFewDmlAmk0k7dJIJM5NCCf0HN/6KGxeKuHXjzr9x0gaprQcGzpxzL/fe4yeMSmXb30ZpaXllda28bm5sbm3vWLt7TclTgUkDc8ZF20eSMBqThqKKkXYiCIp8Rlr+4Db3W0MiJOXxgxolxItQL6YhxUhpqWuduBFSfT/M0BheXcOZn8sDrsxfZTjuWhW7ak8AF4lTkAooUO9aX27AcRqRWGGGpOw4dqK8DAlFMSNj000lSRAeoB7paBqjiEgvm9w0hkdaCWDIhX6xghN1tiNDkZSjyNeV+YZy3svF/7xOqsJLL6NxkioS4+mgMGVQcZgHBAMqCFZspAnCgupdIe4jgbDSMZo6BGf+5EXSPK06Z1Xn/rxSuyniKIMDcAiOgQMuQA3cgTpoAAwewTN4BW/Gk/FivBsf09KSUfTsgz8wPn8Agrad7w==</latexit>

8i 2 v : vi := 0 if vi < p else vi
<latexit sha1_base64="2saPzN9SBNfiQrXUrd5jpDI59M4="></latexit>
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Dropout: Co-Adaptation Interpretation

Why does Dropout work well?

• Network will learn not to rely on particular connections too 
heavily 

• Thus, will consider more connections (because it cannot rely on 
individual ones) 

• The weight values will be more spread-out (may lead to smaller 
weights like with L2 norm) 

• Side note: You can certainly use different dropout probabilities in 
different layers (assigning them proportional to the number of 
units in a layer is not a bad idea, for example)



Model Averaging (Ensembling)

If you are interested in more details, see FS 2018 ML class (L07):  
https://github.com/rasbt/stat479-machine-learning-fs18/blob/master/07_ensembles/
07_ensembles_notes.pdf

Dropout: Ensemble Method Interpretation

https://github.com/rasbt/stat479-machine-learning-fs18/blob/master/07_ensembles/07_ensembles_notes.pdf
https://github.com/rasbt/stat479-machine-learning-fs18/blob/master/07_ensembles/07_ensembles_notes.pdf


Dropout: Ensemble Method Interpretation

• In DL, we typically don't do regular ensembling (majority vote 
over a large number of networks, bagging, etc.) because it is very 
expensive to fit neural nets

https://github.com/rasbt/stat479-machine-learning-fs18/blob/master/08_eval-intro/08_eval-
intro_notes.pdf

• However, we know that the squared error for a prediction by a 
randomly selected model is larger than the squared error using an 
ensemble prediction (here, average over class probabilities)

If you are interested in more details and where this comes from, see FS 2018 ML class (L08): 

E[(y � ŷ{i})2] = (y � E[ŷ{i}])2 + (ŷ{i} � E[ŷ{i}])2
<latexit sha1_base64="Z7MbfGzqz/ZW7DbvTr7clU+IB/w=">AAACS3icdZDNS8MwGMbT6XTOr6lHL8EhTMTRTkEvwlAGHie4D2i7kWaZC0s/SFKhlP5/Xrx485/w4kERD2ZdD9rpA4GH5/e+JHmcgFEhdf1FKywtF1dWS2vl9Y3Nre3Kzm5X+CHHpIN95vO+gwRh1CMdSSUj/YAT5DqM9Jzp9Yz3HggX1PfuZBQQ20X3Hh1TjKSKhhWnZdYieAKtCZJxlAxiK6ZWkhwNGja8hClqmTloKwqPYS0X/zc6rFT1up4KLhojM1WQqT2sPFsjH4cu8SRmSAjT0ANpx4hLihlJylYoSIDwFN0TU1kPuUTYcdpFAg9VMoJjn6vjSZimPzdi5AoRuY6adJGciDybhX8xM5TjCzumXhBK4uH5ReOQQenDWbFwRDnBkkXKIMypeivEE8QRlqr+sirByH950XQbdeO0btyeVZtXWR0lsA8OQA0Y4Bw0wQ1ogw7A4BG8gnfwoT1pb9qn9jUfLWjZzh74pULxG62ksiI=</latexit>

(expectation is over models i )

https://github.com/rasbt/stat479-machine-learning-fs18/blob/master/08_eval-intro/08_eval-intro_notes.pdf
https://github.com/rasbt/stat479-machine-learning-fs18/blob/master/08_eval-intro/08_eval-intro_notes.pdf


Dropout: Ensemble Method Interpretation

• Now, in dropout, we have a different model for each minibatch

• Via the minibatch iterations, we essentially sample over M=2h 
models, where h is the number of hidden units

• Restriction is that we have weight sharing over these models, 
which can be seen as a form of regularization

• During "inference" we can then average over all these models  
(but this is very expensive)



Dropout: Ensemble Method Interpretation

• During "inference" we can then average over all these models  
(but this is very expensive)

(you may know this as the "geometric mean" from other classes)

This is basically just averaging log likelihoods:

pEnsemble =
h MY

j=1

p{i}
i1/M

<latexit sha1_base64="Wnj9ZWP25GYQpdL8qo424eQ/P5Y="></latexit>

= exp
h
1/M

MX

j=1

log(p{i})
i

<latexit sha1_base64="LdkquqSKAYEkurUC2aKnb/I4G0U="></latexit>

For multiple classes, we need to normalize so that the probas sum  
to 1: pEnsemble, j =

pEnsemble, jPk
j=1 pEnsemble, j

<latexit sha1_base64="LSX3kl+kyySnI5Sb1zBuUWpVUSc="></latexit>



Dropout: Ensemble Method Interpretation

• During "inference" we can then average over all these models  
(but this is very expensive)

• However, using the last model after training and scaling the 
predictions by a factor 1/(1-p) approximates the geometric mean  
and is much cheaper  
(actually, it's exactly the geometric mean if we have a linear 
model)
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Inverted Dropout

• Most frameworks implement inverted dropout 

• Here, the activation values are scaled by the factor 1/(1-p) 
during training instead of scaling the activations during 
"inference" 

• I believe Google started this trend (because it's computationally 
cheaper in the long run if you use your model a lot after 
training) 

• PyTorch's Dropout implementation is also inverted Dropout  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Dropout in PyTorch
Here, is is very important that you use model.train() and model.eval()!

for epoch in range(NUM_EPOCHS):
    model.train()
    for batch_idx, (features, targets) in enumerate(train_loader):
        
        features = features.view(-1, 28*28).to(DEVICE)
            
        ### FORWARD AND BACK PROP
        logits, probas = model(features)
        
        cost = F.cross_entropy(logits, targets)
        optimizer.zero_grad()
        
        cost.backward()
        minibatch_cost.append(cost)
        ### UPDATE MODEL PARAMETERS
        optimizer.step()
       
    model.eval()
    with torch.no_grad():
        cost = compute_loss(model, train_loader)
        epoch_cost.append(cost)
        print('Epoch: %03d/%03d Train Cost: %.4f' % (
                epoch+1, NUM_EPOCHS, cost))
        print('Time elapsed: %.2f min' % ((time.time() - start_time)/60))
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Dropout in PyTorch ([more] Object-Oriented API)

class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes, drop_proba, 
                 num_hidden_1, num_hidden_2):
        super(MultilayerPerceptron, self).__init__()
        
        self.my_network = torch.nn.Sequential(
            torch.nn.Linear(num_features, num_hidden_1),
            torch.nn.ReLU(),
            torch.nn.Dropout(drop_proba),
            torch.nn.Linear(num_hidden_1, num_hidden_2),
            torch.nn.ReLU(),
            torch.nn.Dropout(drop_proba),
            torch.nn.Linear(num_hidden_2, num_classes)
        )
           
    def forward(self, x):
        logits = self.my_network(x)
        probas = F.softmax(logits, dim=1)
        return logits, probas
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Dropout in PyTorch (Functional API)
class MultilayerPerceptron(torch.nn.Module):

    def __init__(self, num_features, num_classes, drop_proba, 
                 num_hidden_1, num_hidden_2):
        super(MultilayerPerceptron, self).__init__()
        
        self.drop_proba = drop_proba
        self.linear_1 = torch.nn.Linear(num_features,
                                        num_hidden_1)

        self.linear_2 = torch.nn.Linear(num_hidden_1,
                                        num_hidden_2)

        self.linear_out = torch.nn.Linear(num_hidden_2,
                                          num_classes)
        
    def forward(self, x):
        out = self.linear_1(x)
        out = F.relu(out)
        out = F.dropout(out, p=self.drop_proba, training=self.training)
        out = self.linear_2(out)
        out = F.relu(out)
        out = F.dropout(out, p=self.drop_proba, training=self.training)
        logits = self.linear_out(out)
        probas = F.log_softmax(logits, dim=1)
        return logits, probas
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Dropout in PyTorch (Functional API)

Example implementation of the 3 previous slides:

https://github.com/rasbt/stat479-deep-learning-ss19/tree/master/L10_regularization/code/
dropout.ipynb 

https://github.com/rasbt/stat479-deep-learning-ss19/tree/master/L10_regularization/code/dropout.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/tree/master/L10_regularization/code/dropout.ipynb
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Dropout: More Practical Tips

• Don't use Dropout if your model does not overfit 

• However, in that case above, it is then recommended to increase 
the capacity to make it overfit, and then use dropout to be able 
to use a larger capacity model (but make it not overfit)
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DropConnect: Randomly Dropping Weights

x1
<latexit sha1_base64="5HJHR/B9CHeIlPgqihTyAybn2c4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEMWo2i</latexit>

x2
<latexit sha1_base64="gBTwEt+X3BPX1KgMo6lYVWIC09o=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLuRCyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/qlX7ZXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dUJOrdInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJrVindece8uyrXrPI4CHMMJnIEHl1CDW6hDAxgM4Ble4c2Rzovz7nzMW1ecfOYI/sD5/AEN3o2j</latexit>

a(1)1
<latexit sha1_base64="51Rbp1GGPW28qr7Kl7NY0LPiq2o=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquCnosevFYwX5Iu5Zsmm1Dk+ySZIWy9Fd48aCIV3+ON/+N6XYP2vpg4PHeDDPzgpgzbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRWiTRDxSnQBrypmkTcMMp51YUSwCTtvB+Gbmt5+o0iyS92YSU1/goWQhI9hY6QH3vce06p1O++WKW3MzoGXi5aQCORr98ldvEJFEUGkIx1p3PTc2foqVYYTTaamXaBpjMsZD2rVUYkG1n2YHT9GJVQYojJQtaVCm/p5IsdB6IgLbKbAZ6UVvJv7ndRMTXvkpk3FiqCTzRWHCkYnQ7Hs0YIoSwyeWYKKYvRWREVaYGJtRyYbgLb68TFpnNe+85t5dVOrXeRxFOIJjqIIHl1CHW2hAEwgIeIZXeHOU8+K8Ox/z1oKTzxzCHzifP5zWj58=</latexit>

a(1)2
<latexit sha1_base64="UEIEXkJI4Qcu+777LfA5dwpJBR0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqFffuolS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGeYI+g</latexit>

a(1)3
<latexit sha1_base64="F0cJIqijoEg/scv4wVZxoymO2Dc=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquLeix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0nrouJVK+5drVS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGf6o+h</latexit>

a(2)2
<latexit sha1_base64="Rx/RXsiT+s/v11w3kFUY/JZyKRU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPuVx/TcvV82i+W3Io7B1olXkZKkKHRL371BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6s8oAhZGyJQ2aq78nUiy0nojAdgpsRnrZm4n/ed3EhFd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsvr5JWteLVKu7dRal+ncWRhxM4hTJ4cAl1uIUGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QOf5o+h</latexit>

a(2)1
<latexit sha1_base64="vfx38n+ae04OFRd5luhElMypRJ0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPue49puXo+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqFffuolS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGeXI+g</latexit>

o1
<latexit sha1_base64="P19Wda8vivmLhYYW0RO0w4mIIBA=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFoNgFe5U0DJoYxnRmEByhL3NXrJkb/fYnRNCyE+wsVDE1l9k579xk1yhiQ8GHu/NMDMvSqWw6PvfXmFldW19o7hZ2tre2d0r7x88Wp0ZxhtMS21aEbVcCsUbKFDyVmo4TSLJm9HwZuo3n7ixQqsHHKU8TGhfiVgwik66192gW674VX8GskyCnFQgR71b/ur0NMsSrpBJam078FMMx9SgYJJPSp3M8pSyIe3ztqOKJtyG49mpE3LilB6JtXGlkMzU3xNjmlg7SiLXmVAc2EVvKv7ntTOMr8KxUGmGXLH5ojiTBDWZ/k16wnCGcuQIZUa4WwkbUEMZunRKLoRg8eVl8nhWDc6r/t1FpXadx1GEIziGUwjgEmpwC3VoAIM+PMMrvHnSe/HevY95a8HLZw7hD7zPH/6VjZk=</latexit>

o2
<latexit sha1_base64="lp3ZeQ57DPk1EUCeNsK7Ny2DKe8=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2g9ol5JNs21oNlmSrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJKPdpKwICZDySNOiXXSg+rX+uWKV/XmwKvEz0kFcjT65a/eQNE0ZtJSQYzp+l5ig4xoy6lg01IvNSwhdEyGrOuoJDEzQTY/dYrPnDLAkdKupMVz9fdERmJjJnHoOmNiR2bZm4n/ed3URtdBxmWSWibpYlGUCmwVnv2NB1wzasXEEUI1d7diOiKaUOvSKbkQ/OWXV0mrVvUvqt79ZaV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwAAKI2a</latexit>

L(y,o)
<latexit sha1_base64="jRuGYuNAf6C7yfYguq+x/vIHq08=">AAACDHicbZDLSsNAFIYnXmu9VV26GSxCBSmJCrosunHhooK9QBvKZDpph05mwsxECCEP4MZXceNCEbc+gDvfxkkaQVt/GPj4zznMOb8XMqq0bX9ZC4tLyyurpbXy+sbm1nZlZ7etRCQxaWHBhOx6SBFGOWlpqhnphpKgwGOk402usnrnnkhFBb/TcUjcAI049SlG2liDSrUfID3GiCU3aS1nz0/i9Bj+sEiPTJddt3PBeXAKqIJCzUHlsz8UOAoI15ghpXqOHWo3QVJTzEha7keKhAhP0Ij0DHIUEOUm+TEpPDTOEPpCmsc1zN3fEwkKlIoDz3RmK6rZWmb+V+tF2r9wE8rDSBOOpx/5EYNawCwZOKSSYM1iAwhLanaFeIwkwtrkVzYhOLMnz0P7pO6c1u3bs2rjsoijBPbBAagBB5yDBrgGTdACGDyAJ/ACXq1H69l6s96nrQtWMbMH/sj6+AYGV5uW</latexit>

a(1)4
<latexit sha1_base64="uxWzlquY+EeW/UpcO69SCXeIYtQ=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquLeix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPu1x7Tsnc+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0nrouJVK+5drVS/zuLIwwmcQhk8uIQ63EIDmkBAwDO8wpujnBfn3flYtOacbOYY/sD5/AGhdI+i</latexit>

a(1)5
<latexit sha1_base64="NHK0ywkULzi4Jl2BlAjdO8n2Yig=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquVfRY9OKxgv2Qdi3ZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Gbqt56o0iyS92YcU1/ggWQhI9hY6QH3Lh7Tsnc66RVLbsWdAS0TLyMlyFDvFb+6/YgkgkpDONa647mx8VOsDCOcTgrdRNMYkxEe0I6lEguq/XR28ASdWKWPwkjZkgbN1N8TKRZaj0VgOwU2Q73oTcX/vE5iwis/ZTJODJVkvihMODIRmn6P+kxRYvjYEkwUs7ciMsQKE2MzKtgQvMWXl0nzrOJVK+7deal2ncWRhyM4hjJ4cAk1uIU6NICAgGd4hTdHOS/Ou/Mxb8052cwh/IHz+QOi/o+j</latexit>

a(2)3
<latexit sha1_base64="vBxbcVs2Wnfm0yi6DKhPPczIBHw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPu1x7TcvV82i+W3Io7B1olXkZKkKHRL371BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6s8oAhZGyJQ2aq78nUiy0nojAdgpsRnrZm4n/ed3EhFd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsvr5JWteLVKu7dRal+ncWRhxM4hTJ4cAl1uIUGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QOhcI+i</latexit>

a(2)4
<latexit sha1_base64="vsgJntgqeAyiGWhpRcem3fXieTw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuLeix6MVjBfsh7VqyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9RpVkk780kpr7AQ8lCRrCx0gPu1x7TcvV82i+W3Io7B1olXkZKkKHRL371BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6s8oAhZGyJQ2aq78nUiy0nojAdgpsRnrZm4n/ed3EhFd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsvr5JWteJdVNy7Wql+ncWRhxM4hTJ4cAl1uIUGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QOi+o+j</latexit>

o3
<latexit sha1_base64="wT+53Eb88nVtTpSfn4qk4kRsjrU=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexaQY9FLx4r2g9ol5JNs21oNlmSrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJKPdpKwICZDySNOiXXSg+rX+uWKV/XmwKvEz0kFcjT65a/eQNE0ZtJSQYzp+l5ig4xoy6lg01IvNSwhdEyGrOuoJDEzQTY/dYrPnDLAkdKupMVz9fdERmJjJnHoOmNiR2bZm4n/ed3URtdBxmWSWibpYlGUCmwVnv2NB1wzasXEEUI1d7diOiKaUOvSKbkQ/OWXV0nrourXqt79ZaV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwABrI2b</latexit>
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DropConnect

• Generalization of Dropout 
• More "possibilities" 
• Less popular doesn't work so well in practice

Wan, L., Zeiler, M., Zhang, S., Le Cun, Y., & Fergus, R. (2013, February). Regularization 
of neural networks using dropconnect. In International conference on machine learning 
(pp. 1058-1066).

Original research article:
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Reading Assignments (today optional)

• Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., & Salakhutdinov, R. (2014). 
Dropout: a simple way to prevent neural networks from overfitting. The Journal of 
Machine Learning Research, 15(1), 1929-1958. 
http://jmlr.org/papers/volume15/srivastava14a/srivastava14a.pdf

http://jmlr.org/papers/volume15/srivastava14a/srivastava14a.pdf
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DL Competition

• Highest accuracy wins (needs to be reproducible) 

• $50 Amazon Gift Card 

• Participate alone or in group (up to 5) 

• Details in: https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/dl-competition/
stat479-ss2019-comp.ipynb 

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/dl-competition/stat479-ss2019-comp.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/dl-competition/stat479-ss2019-comp.ipynb
https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/dl-competition/stat479-ss2019-comp.ipynb
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DL Competition
• Accuracy score submission Form: https://docs.google.com/forms/d/e/

1FAIpQLSfvw_JNsImfW0fZbQhUsM5XYeLGEUOCcKrN1Zyb1R0wQ0hd7g/viewform?
usp=sf_link (link in Notebook) 

https://docs.google.com/forms/d/e/1FAIpQLSfvw_JNsImfW0fZbQhUsM5XYeLGEUOCcKrN1Zyb1R0wQ0hd7g/viewform?usp=sf_link
https://docs.google.com/forms/d/e/1FAIpQLSfvw_JNsImfW0fZbQhUsM5XYeLGEUOCcKrN1Zyb1R0wQ0hd7g/viewform?usp=sf_link
https://docs.google.com/forms/d/e/1FAIpQLSfvw_JNsImfW0fZbQhUsM5XYeLGEUOCcKrN1Zyb1R0wQ0hd7g/viewform?usp=sf_link
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DL Competition
• Live Leaderboard: https://docs.google.com/spreadsheets/d/

11lsz5AT0p6pkYh9Az8ZWxKPD8SleUkq32mv0keIHnEw/edit#gid=1372722537 (link in 
Notebook) 

• Submit code to Canvas until May 1st 11:59 pm 

(private, automatically updated, viewing only)

https://docs.google.com/spreadsheets/d/11lsz5AT0p6pkYh9Az8ZWxKPD8SleUkq32mv0keIHnEw/edit#gid=1372722537
https://docs.google.com/spreadsheets/d/11lsz5AT0p6pkYh9Az8ZWxKPD8SleUkq32mv0keIHnEw/edit#gid=1372722537
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New Department GPUs  
• grad students log in as usual, just 

need to specify GPU in SLURM submit script 

• undergrad students can get an account via request: 
• you need to be somewhat familiar with Linux/Unix 
• email me first with and I will arrange with our sysadmin 

(will need student ID number)


