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Review: Backprop

•Forward pass:

•Let’s unwrap this:

L(fnetwork(x), y)

<latexit sha1_base64="RUq7JVuY85Bs76/WvnEKBXHHbto=">AAACCHicbVA9SwNBEN3z2/gVtbRwMRESkHAXFC2DNhYWEYwKSQh7m7m4ZG/v2J1Tw5HSxr9iY6GIrT/Bzn/jJqbQxAcDj/dmmJnnx1IYdN0vZ2p6ZnZufmExs7S8srqWXd+4NFGiOdR4JCN97TMDUiiooUAJ17EGFvoSrvzuycC/ugVtRKQusBdDM2QdJQLBGVqpld3O588KQSttINxjqgDvIt3t9wv3xT3aK+bzrWzOLblD0EnijUiOjFBtZT8b7YgnISjkkhlT99wYmynTKLiEfqaRGIgZ77IO1C1VLATTTIeP9OmuVdo0iLQthXSo/p5IWWhML/RtZ8jwxox7A/E/r55gcNRMhYoTBMV/FgWJpBjRQSq0LTRwlD1LGNfC3kr5DdOMo80uY0Pwxl+eJJflkrdfOjgv5yrHozgWyBbZIQXikUNSIaekSmqEkwfyRF7Iq/PoPDtvzvtP65Qzmtkkf+B8fAO745iC</latexit>

L(rk(W krk�1(W k�1 · · · r2(W 2r1(W 1x)) · · · )), y)

<latexit sha1_base64="M1/phVOjJwUTQHT0c1ztRfhF8lU="></latexit>
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Review: Forward/Backward Passes

•Forward pass:

•For convenience, 

L(rk(W krk�1(W k�1 · · · r2(W 2r1(W 1x)) · · · )), y)

<latexit sha1_base64="M1/phVOjJwUTQHT0c1ztRfhF8lU="></latexit>

aj = rj(W jrj�1(W j�1 · · · r2(W 2r1(W 1x)) · · · ))

<latexit sha1_base64="UZsZVtNBeGmVM1kae9i2uvyL7NA="></latexit>

zj = W jrj�1(W j�1 · · · r2(W 2r1(W 1x)) · · · )

<latexit sha1_base64="httNONeYLIchvjF8Xp5xLzd1C70="></latexit>

𝑎𝑥
𝑟(⋅)𝑧



Review: Backward Pass

•Backward pass. Say we compute gradient w.r.t. x

•Can write this with matrix notation
• Writing it forward, this is equivalent 

@L

@ak
@ak

@zk
@zk

@ak�1

@ak�1

@zk�1

@zk�1

@ak�2
· · · @a

1

@z1
@z1

@x

<latexit sha1_base64="0Pehyj0AVguOEbhsjnXhYi+UUNU="></latexit>

rxL = (W 1)T (r1)0 · · · (W k�1)T (rk�1)0(W k)T (rk)0rakL

<latexit sha1_base64="n5Gk9yOxEAVYYEg8yTQ4I4DEs2k="></latexit>
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Review: Backpropagation 

•Backward pass. Say we compute gradient w.r.t. x

•Let’s write this recursively:

• Easy to set up a recursion (start at k, go down) : 

rxL = (W 1)T (r1)0 · · · (W k�1)T (rk�1)0(W k)T (rk)0rakL

<latexit sha1_base64="n5Gk9yOxEAVYYEg8yTQ4I4DEs2k="></latexit>

�j = (rj)0(W j+1)T · · · (W k�1)T (rk�1)0(W k)T (rK)0rakL

<latexit sha1_base64="+QmFn9DSufHh+UHDOk0sbamQYwQ="></latexit>

�j�1 = (rj�1)0(W j)T �j

<latexit sha1_base64="zG7SORRI1XQ4X96uUVlJglRO8xo=">AAACF3icbVDLTgIxFO3gC/E16tJNI2OEhWSGaHRjQnTjEhNeCQyk0+lAofNI2zEhE/7Cjb/ixoXGuNWdf2OBWSh4kiYn55yb23uciFEhTfNby6ysrq1vZDdzW9s7u3v6/kFDhDHHpI5DFvKWgwRhNCB1SSUjrYgT5DuMNJ3R7dRvPhAuaBjU5Dgito/6AfUoRlJJPb1kGB2XMIm6yfDMmsBrWOBzWjyFhWZ3WOzWYJoYGkZPz5slcwa4TKyU5EGKak//6rghjn0SSMyQEG3LjKSdIC4pZmSS68SCRAiPUJ+0FQ2QT4SdzO6awBOluNALuXqBhDP190SCfCHGvqOSPpIDsehNxf+8diy9KzuhQRRLEuD5Ii9mUIZwWhJ0KSdYsrEiCHOq/grxAHGEpaoyp0qwFk9eJo1yyTovXdyX85WbtI4sOALHoAAscAkq4A5UQR1g8AiewSt40560F+1d+5hHM1o6cwj+QPv8AenenKY=</latexit>

Start at j 
layer here



Review: Backpropagation 

•Let’s write this recursively:

• Easy to set up a recursion (start at k, go down) : 

•How do we get our gradients for weights?

�j = (rj)0(W j+1)T · · · (W k�1)T (rk�1)0(W k)T (rK)0rakL

<latexit sha1_base64="+QmFn9DSufHh+UHDOk0sbamQYwQ="></latexit>

�j�1 = (rj�1)0(W j)T �j

<latexit sha1_base64="zG7SORRI1XQ4X96uUVlJglRO8xo=">AAACF3icbVDLTgIxFO3gC/E16tJNI2OEhWSGaHRjQnTjEhNeCQyk0+lAofNI2zEhE/7Cjb/ixoXGuNWdf2OBWSh4kiYn55yb23uciFEhTfNby6ysrq1vZDdzW9s7u3v6/kFDhDHHpI5DFvKWgwRhNCB1SSUjrYgT5DuMNJ3R7dRvPhAuaBjU5Dgito/6AfUoRlJJPb1kGB2XMIm6yfDMmsBrWOBzWjyFhWZ3WOzWYJoYGkZPz5slcwa4TKyU5EGKak//6rghjn0SSMyQEG3LjKSdIC4pZmSS68SCRAiPUJ+0FQ2QT4SdzO6awBOluNALuXqBhDP190SCfCHGvqOSPpIDsehNxf+8diy9KzuhQRRLEuD5Ii9mUIZwWhJ0KSdYsrEiCHOq/grxAHGEpaoyp0qwFk9eJo1yyTovXdyX85WbtI4sOALHoAAscAkq4A5UQR1g8AiewSt40560F+1d+5hHM1o6cwj+QPv8AenenKY=</latexit>

rW jL = �j(aj�1)T

<latexit sha1_base64="r0cBaM/RqCdPwyou85+AWRbORwU=">AAACEnicbVC7SgNBFJ2NrxhfUUubwURICsNuULQRgjYWFhHygry4O5kkk8zOLjOzQljyDTb+io2FIrZWdv6Nk0ehiQcuHM65l3vvcQPOlLbtbyu2srq2vhHfTGxt7+zuJfcPKsoPJaFl4nNf1lxQlDNBy5ppTmuBpOC5nFbd4c3Erz5QqZgvSnoU0KYHPcG6jIA2UjuZTacbAlwO7ajaGozxHb7CjQ7lGloDnIFWNDh1xtlWKZ1uJ1N2zp4CLxNnTlJojmI7+dXo+CT0qNCEg1J1xw50MwKpGeF0nGiEigZAhtCjdUMFeFQ1o+lLY3xilA7u+tKU0Hiq/p6IwFNq5Lmm0wPdV4veRPzPq4e6e9mMmAhCTQWZLeqGHGsfT/LBHSYp0XxkCBDJzK2Y9EEC0SbFhAnBWXx5mVTyOecsd36fTxWu53HE0RE6RhnkoAtUQLeoiMqIoEf0jF7Rm/VkvVjv1sesNWbNZw7RH1ifP2EQm2Q=</latexit>



Review: Regularization, Bayesian Prior View

•Recall our MAP version of training. Bayes law:

•MAP:

•L2: Corresponds to normal 𝑝 𝑥 |𝑦, 𝜃 , normal prior 𝑝(𝜃)

𝑝 𝜃 | {𝑥! , 𝑦!} =
𝑝 𝜃 𝑝 𝑥! , 𝑦! 𝜃)

𝑝({𝑥! , 𝑦!})

max
"

log 𝑝 𝜃 | {𝑥! , 𝑦!} = min
"
− log 𝑝 𝜃 − log 𝑝 𝑥! , 𝑦! | 𝜃

Regularization MLE loss



Choice of View?

•Typical choice for optimization: soft-constraint

min
!

,𝐿" 𝜃 = ,𝐿 𝜃 + 𝜆𝑅(𝜃)

•Hard constraint / Bayesian view: conceptual / for derivation
•Hard-constraint preferred if

• Know the explicit bound 𝑅 𝜃 ≤ 𝑟
•Bayesian view preferred if

• Domain knowledge easy to represent as a prior



Examples: L2 Regularization

•Again, 

min
!

,𝐿" 𝜃 = ,𝐿(𝜃) +
𝜆
2
| 𝜃| ##

•Questions: what are the

• Effects on (stochastic) gradient descent?

• Effects on the optimal solution?



L2 Regularization: Effect on GD

•Gradient of regularized objective

𝛻,𝐿" 𝜃 = 𝛻,𝐿(𝜃) + 𝜆𝜃

•Gradient descent update 

𝜃 ← 𝜃 − 𝜂𝛻,𝐿" 𝜃 = 𝜃 − 𝜂 𝛻,𝐿 𝜃 − 𝜂𝜆𝜃

= 1 − 𝜂𝜆 𝜃 − 𝜂 𝛻,𝐿 𝜃

• In words, weight decay



L2 Regularization: Effect on Optimal Solution

•Consider a quadratic approximation around 𝜃∗

,𝐿 𝜃 ≈ ,𝐿 𝜃∗ + 𝜃 − 𝜃∗ %𝛻,𝐿 𝜃∗ +
1
2
𝜃 − 𝜃∗ %𝐻 𝜃 − 𝜃∗

•Since 𝜃∗ is optimal, 𝛻,𝐿 𝜃∗ = 0

,𝐿 𝜃 ≈ ,𝐿 𝜃∗ +
1
2
𝜃 − 𝜃∗ %𝐻 𝜃 − 𝜃∗

𝛻,𝐿 𝜃 ≈ 𝐻 𝜃 − 𝜃∗



L2 Regularization: Effect on Optimal Solution

•Gradient of regularized objective: 𝛻,𝐿" 𝜃 ≈ 𝐻 𝜃 − 𝜃∗ + 𝜆𝜃

•On the optimal 𝜃"∗ : 0 = 𝛻,𝐿" 𝜃"∗ ≈ 𝐻 𝜃"∗ − 𝜃∗ + 𝜆𝜃"∗

𝜃"∗ ≈ 𝐻 + 𝜆𝐼 &'𝐻𝜃∗

•𝐻 has eigendecomp. 𝐻 = 𝑄Λ𝑄% , assume Λ + 𝜆𝐼 &' exists:

𝜃!∗ ≈ 𝐻 + 𝜆𝐼 #$𝐻𝜃∗ = 𝑄 Λ + 𝜆𝐼 #$Λ𝑄%𝜃∗

•Effect: rescale along eigenvectors of 𝑯



L2 Regularization: Effect on Optimal Solution

Effect: rescale along eigenvectors of 𝐻
Visual Example:

Figure from Deep Learning, 
Goodfellow, Bengio and Courville



L1 Regularization: Effect on GD

min
!

,𝐿" 𝜃 = ,𝐿(𝜃) + 𝜆| 𝜃 |'

•Effect on (stochastic) gradient descent:
•Gradient of regularized objective

𝛻,𝐿" 𝜃 = 𝛻,𝐿 𝜃 + 𝜆sign(𝜃)
where 𝐬𝐢𝐠𝐧 applies to each element in 𝜃

•Gradient descent update 

𝜃 ← 𝜃 − 𝜂𝛻,𝐿" 𝜃 = 𝜃 − 𝜂 𝛻,𝐿 𝜃 − 𝜂𝜆sign(𝜃)



L1 Regularization: Effect on Optimal Solution

•Again, 

,𝐿 𝜃 ≈ ,𝐿 𝜃∗ +
1
2
𝜃 − 𝜃∗ %𝐻 𝜃 − 𝜃∗

•Further assume that 𝐻 is diagonal and positive (𝐻((> 0, ∀𝑖)
• not true in general but assume for getting some intuition

•The regularized objective is (ignoring constants)

,𝐿" 𝜃 ≈I
(

1
2
𝐻(( 𝜃( − 𝜃(∗ # + 𝜆|𝜃(|



L1 Regularization: Effect on Optimal Solution

• The regularized objective is (ignoring constants)

-𝐿! 𝜃 ≈/
&

1
2
𝐻&& 𝜃& − 𝜃&∗ ' + 𝜆|𝜃&|

• The optimal 𝜃!∗

(𝜃!∗)& ≈
max 𝜃&∗ −

𝜆
𝐻&&

, 0 if 𝜃&∗ ≥ 0

min 𝜃&∗ +
𝜆
𝐻&&

, 0 if 𝜃&∗ < 0

• Compact expression for the optimal 𝜃!∗

(𝜃!∗)& ≈ sign 𝜃&∗ max{ 𝜃&∗ −
𝜆
𝐻&&

, 0}



L1 Regularization: Effect on Optimal Solution

• The optimal 𝜃!∗

(𝜃!∗)& ≈
max 𝜃&∗ −

𝜆
𝐻&&

, 0 if 𝜃&∗ ≥ 0

min 𝜃&∗ +
𝜆
𝐻&&

, 0 if 𝜃&∗ < 0

• Effect: induces sparsity

−
𝜆
𝐻!!

𝜆
𝐻!!

(𝜃"∗)!

(𝜃∗)!



Break & Quiz
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Q1-2: Which of the following statement(s) is(are) TRUE about regularization 
parameter λ ?

1. True, True

2. True, False

3. False, True

4. False, False

A. λ is the tuning parameter that decides how much we want to penalize the flexibility of 

our model.

B. λ is usually set using cross validation.



Q1-2: Which of the following statement(s) is(are) TRUE about regularization 
parameter λ ?

1. True, True

2. True, False

3. False, True

4. False, False

A. λ is the tuning parameter that decides how much we want to penalize the flexibility of 

our model.

B. λ is usually set using cross validation.

● The optimization problem can be viewed as 
following: 

● If the regularization parameter is large then it 
requires a small model complexity

● We have learned how to use cross validate to 
set hyperparameters including regularization 
parameters. 



Q2-1: Select the correct option about regression with L2 regularization (also called 
Ridge Regression).

1. Both statements are true.

2. Both statements are false.

3. Statement A is true, Statement B is false.

4. Statement B is true, Statement A is false.

A. Ridge regression technique prevents coefficients from rising too high.

B. As λ→∞, the impact of the penalty grows, and the ridge regression coefficient estimates 

will approach infinity.



Q2-1: Select the correct option about regression with L2 regularization (also called 
Ridge Regression).

1. Both statements are true.

2. Both statements are false.

3. Statement A is true, Statement B is false.

4. Statement B is true, Statement A is false.

A. Ridge regression technique prevents coefficients from rising too high.

B. As λ→∞, the impact of the penalty grows, and the ridge regression coefficient estimates 

will approach infinity.

As λ→∞, the impact of the 
penalty grows, and the ridge 
regression coefficient estimates 
will approach zero.



Q3-1: Following figure shows 3-norm sketches: ||x||p<1 for p = 1, 2, ∞.
Recall that ||x||∞ = max{|xi| for all i}

1. A: 1, B: 2, C: ∞
2. A: 2, B: 1, C: ∞
3. A: 2, B: ∞, C: 1
4. A: ∞, B: 2, C: 1

A: B: C:



Q3-1: Following figure shows 3-norm sketches: ||x||p<1 for p = 1, 2, ∞.
Recall that ||x||∞ = max{|xi| for all i}

1. A: 1, B: 2, C: ∞
2. A: 2, B: 1, C: ∞
3. A: 2, B: ∞, C: 1
4. A: ∞, B: 2, C: 1

A: B: C:
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Data Augmentation

Augmentation: transform + add new samples to dataset
•Transformations: based on domain
• Idea: build invariances into the model

• Ex: if all images have same alignment, model learns to use it
•Keep the label the same!



Data Augmentation: Examples

Examples of transformations for images
•Crop (and zoom)
•Color (change contrast/brightness)
•Rotations+ (translate, stretch, shear, etc)
Many more possibilities. Combine as well!

Q: how to deal with this at test time?
•A: transform, test, average



Combining & Automating Transformations

One way to automate the process:
•Apply every transformation and combinations
•Downside: most don’t help…

Want a good policy, ie, ➔➔➔➔➔
•Active area of research: search for good 
policies

1. Ratner et al: “Learning to Compose Domain-Specific 
Transformations for Data Augmentation”

2. Cubuk et al: “AutoAugment: Learning Augmentation 
Strategies from Data”



Data Augmentation: Other Domains

Not just for image data. For example, on text:
• Substitution
• E.g., “It is a great day” ➔ “It is a wonderful day” 
• Use a thesaurus for particular words
• Or, use a model. Pre-trained word embeddings, language models

• Back-translation
• “Given the low budget and production limitations, this movie is very good.” ➔

“There are few budget items and production limitations to make this film a 
really good one”

Xie et al: “Unsupervised Data Augmentation for 
Consistency Training”



Adding Noise

•What if we have many solutions?

Class +1

Class -1

𝑤$ 𝑤%𝑤&



Adding Noise

•Adding some amount of noise helps us pick solution:

Class +1

Class -1

𝑤$

Prefer 𝑤$ (higher confidence)



Adding Noise

•Too much: hurts instead

Class +1

Class -1

𝑤$

Prefer 𝑤$ (higher confidence)

Too much noise leads 
to data points cross 

the boundary



Adding Noise: Equivalence to Weight Decay

•Suppose the hypothesis is 𝑓 𝑥 = 𝑤%𝑥, noise is 𝜖~𝑁(0, 𝜆𝐼)
•After adding noise, the loss is

𝐿(𝑓) = 𝔼(,*,+ 𝑓 𝑥 + 𝜖 − 𝑦 ' = 𝔼(,*,+ 𝑓 𝑥 + 𝑤%𝜖 − 𝑦 '

𝐿(𝑓) =𝔼(,*,+ 𝑓 𝑥 − 𝑦 ' + 2𝔼(,*,+ 𝑤%𝜖 𝑓 𝑥 − 𝑦 + 𝔼(,*,+ 𝑤%𝜖 '

𝐿(𝑓) =𝔼(,*,+ 𝑓 𝑥 − 𝑦 ' + 𝜆 𝑤
'



Early Stopping

•Idea: don’t train the network to too small training error
• Larger the hypothesis class, easier to find a hypothesis that fits the 

difference between the two
• So: do not push the hypothesis too much; use validation error to 

decide when to stop

Figure from Deep Learning, 
Goodfellow, Bengio and Courville



Early Stopping

•Practically: when training, also output validation error
• Every time validation error improved, store a copy of the weights
• When validation error not improved for some time, stop
• Return the copy of the weights stored

Figure from Deep Learning, 
Goodfellow, Bengio and Courville



Dropout

•Basic idea: randomly select weights to update

• In each update step
• Randomly sample a different binary mask to all the input and 

hidden units
• Multiply the mask bits with the units and do the update as usual

•Typical dropout prob: 0.2 for input and 0.5 for hidden units



Dropout

•Closely related to bagging:
• Ensembling many models

Figure from Deep Learning, Goodfellow, Bengio and Courville



Batch Normalization

• If outputs of earlier layers are uniform or change greatly on 
one round for one mini-batch, then neurons at next levels 
can’t keep up: they output all high (or all low) values 

•Next layer doesn’t have ability to change its outputs with 
learning-rate-sized changes to its input weights

•We say the layer has “saturated”



Batch Normalization
• Algorithm:

• (i)-(iii) like standardization of input 
data, but w.r.t. only the data in mini-
batch. Can take derivative and 
incorporate the learning of last step 
parameters into backpropagation.

•Note last step can completely un-do 
previous 3 steps

• But if so this un-doing is driven by 
the later layers, not the earlier
layers; later layers get to “choose” 
whether they want standard normal 
inputs or not

Batch Normalization

Input: Values of x over a mini-batch: B = {x1...m};
Parameters to be learned: �, �

Output: {yi = BN�,�(xi)}

µB  
1

m

mX

i=1

xi // mini-batch mean

�2
B  

1

m

mX

i=1

(xi � µB)
2 // mini-batch variance

bxi  
xi � µBp
�2
B + ✏

// normalize

yi  �bxi + � ⌘ BN�,�(xi) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

shifted values y are passed to other network layers. The
normalized activations bx are internal to our transformation,
but their presence is crucial. The distributions of values
of any bx has the expected value of 0 and the variance of
1, as long as the elements of each mini-batch are sampled
from the same distribution, and if we neglect ✏. This can be
seen by observing that

Pm
i=1 bxi = 0 and 1

m

Pm
i=1 bx2

i = 1,
and taking expectations. Each normalized activation bx(k)

can be viewed as an input to a sub-network composed of
the linear transform y(k) = �(k)bx(k) + �(k), followed by
the other processing done by the original network. These
sub-network inputs all have fixed means and variances, and
although the joint distribution of these normalized bx(k) can
change over the course of training, we expect that the intro-
duction of normalized inputs accelerates the training of the
sub-network and, consequently, the network as a whole.

During training we need to backpropagate the gradient of
loss ` through this transformation, as well as compute the
gradients with respect to the parameters of the BN trans-
form. We use chain rule, as follows:

@`
@bxi

= @`
@yi

· �
@`
@�2

B
=

Pm
i=1

@`
@bxi

· (xi � µB) · �1
2 (�2

B + ✏)�3/2

@`
@µB

=
Pm

i=1
@`
@bxi

· �1p
�2
B+✏

@`
@xi

= @`
@bxi

· 1p
�2
B+✏

+ @`
@�2

B
· 2(xi�µB)

m + @`
@µB

· 1
m

@`
@� =

Pm
i=1

@`
@yi

· bxi

@`
@� =

Pm
i=1

@`
@yi

Thus, BN transform is a differentiable transformation that
introduces normalized activations into the network. This
ensures that as the model is training, layers can continue
learning on input distributions that exhibit less internal co-
variate shift, thus accelerating the training. Furthermore,

the learned affine transform applied to these normalized ac-
tivations allows the BN transform to represent the identity
transformation and preserves the network capacity.

3.1. Training and Inference with Batch-Normalized

Networks

To Batch-Normalize a network, we specify a subset of ac-
tivations and insert the BN transform for each of them, ac-
cording to Alg. 1. Any layer that previously received x
as the input, now receives BN(x). A model employing
Batch Normalization can be trained using batch gradient
descent, or Stochastic Gradient Descent with a mini-batch
size m > 1, or with any of its variants such as Adagrad
(Duchi et al., 2011). The normalization of activations that
depends on the mini-batch allows efficient training, but is
neither necessary nor desirable during inference; we want
the output to depend only on the input, deterministically.
For this, once the network has been trained, we use the
normalization

bx =
x� E[x]p
Var[x] + ✏

using the population, rather than mini-batch, statistics. Ne-
glecting ✏, these normalized activations have the same
mean 0 and variance 1 as during training. We use the unbi-
ased variance estimate Var[x] = m

m�1 · EB[�2
B], where the

expectation is over training mini-batches of size m and �2
B

are their sample variances. Using moving averages instead,
we can track the accuracy of a model as it trains. Since the
means and variances are fixed during inference, the nor-
malization is simply a linear transform applied to each ac-
tivation. It may further be composed with the scaling by
� and shift by �, to yield a single linear transform that re-
places BN(x). Algorithm 2 summarizes the procedure for
training batch-normalized networks.

3.2. Batch-Normalized Convolutional Networks

Batch Normalization can be applied to any set of activa-
tions in the network. Here, we focus on transforms that
consist of an affine transformation followed by an element-
wise nonlinearity:

z = g(Wu + b)

where W and b are learned parameters of the model, and
g(·) is the nonlinearity such as sigmoid or ReLU. This
formulation covers both fully-connected and convolutional
layers. We add the BN transform immediately before the
nonlinearity, by normalizing x = Wu + b. We could have
also normalized the layer inputs u, but since u is likely
the output of another nonlinearity, the shape of its distri-
bution is likely to change during training, and constraining
its first and second moments would not eliminate the co-
variate shift. In contrast, Wu + b is more likely to have
a symmetric, non-sparse distribution, that is “more Gaus-
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Q2-2: Are these statements true or false?
(A) We need validation data to decide when to early stop.
(B) We can think early stopping as a regularization to limit the 
volume of parameter space reachable from the initial parameter.

1. True, True 
2. True, False 
3. False, True
4. False, False



Q2-2: Are these statements true or false?
(A) We need validation data to decide when to early stop.
(B) We can think early stopping as a regularization to limit the 
volume of parameter space reachable from the initial parameter.

1. True, True 
2. True, False 
3. False, True
4. False, False

(A) As is shown in the lecture.
(B) That’s true. Early stopping will 

limit the training time and thus 
potentially limit the space the 
training can search.



Outline

•Review & Regularization
• Forward/backwards Pass, Views, L1/L2 Effects
•Other Forms of Regularization

• Data Augmentation, Noise, Early Stopping, Dropout 
•Convolutional Neural Networks

• Convolution Operation, Intuition
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Images as Input?

•We could use the feed-forward fully-connected layers we 
have so far…
• Kind of big though…
• Also, if our images move, should the weights change?

PixelArt4KMicrosoft



Convolution Operation

•Given array 𝑢) and 𝑤), their convolution is a function 𝑠)

•Written as 𝑠 = 𝑢 ∗ 𝑤 or 𝑠) = 𝑢 ∗ 𝑤 )
•When  𝑢) or 𝑤) is not defined, assumed to be 0

𝑠) = I
*+&,

-,

𝑢*𝑤)&*



Convolution Operation

•Example:

a b c d e f

x y z

xa + yb + zc
𝑤 = [z, y, x]
𝑢 = [a, b, c, d, e, f]



Convolution Operation

•Example:

a b c d e f

x y z

xb+yc+zd
𝑤 = [z, y, x]
𝑢 = [a, b, c, d, e, f]



Convolution Operation

•Example:

a b c d e f

x y z

xc+yd+ze



Convolution Operation

•Example:

a b c d e f

x y z

xd+ye+zf



Convolution Operation

•Stride: # of positions we move per step

a b c d e f

x y z

xa + yb + zc

a b c d e f

x y z

xc+yd+ze

Stride = 2



Convolution Operation

•Matrix version:

a b c d

e f g h

i j k l

w x

y z

wa + bx + 
ey + fz

a b c d

e f g h

i j k l

w x

y z

bw + cx + 
fy + gz

wa + bx + 
ey + fzInput

Kernel/Filter

Feature Map



Convolution Operation

[Figure from neuralnetworksanddeeplearning.com]

•All the units used the same set of weights (kernel)
•The units detect the same “feature” but at different locations



Thanks Everyone!

Some of the slides in these lectures have been adapted/borrowed from materials developed by Mark Craven, 
David Page, Jude Shavlik, Tom Mitchell, Nina Balcan, Elad Hazan, Tom Dietterich, Pedro Domingos, Jerry Zhu, 
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