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Plans for today!

1. This
2. Reminders
3. PCA
4. SVD
5. CNNs



Reminders

● HW4 due Mar 11th!
● Final Exam: 3/18, 8:30am – 10:20pm



High Dimensional Data

● Dealing with high-dimensional data 
can lead to problems (curse of 
dimensionality)

● Visualization is very hard for d > 2
● Intrinsic dimensionality may be lower



Dimensionality Reduction

Goal: Find a lower-dimensional 
representation of your data X with the 
least loss of information

We need to find a subspace of the 
original data span to project down to. 
The Principal Components of our data 
can help us do this



Principal Component Analysis

● Idea: Use a linear projection from 
𝑑-dimensional data to 𝑘-dimensional data, 
where d > k

○ 1000-dimensional word vectors to 3-dimensional

● Choose the projection that minimizes 
reconstruction error 

○ Intuition: The information lost if you were to ”undo” the 
projection can give us meaningful information

○ Choosing vectors that can capture the most variation 
(during projection)



Recall from lecture…



Let’s do some PCA 
Intuition Building









Understanding the decomposition

Rank-1 approximation
Rank-2 approximation
Rank-r approximation









Step 1: Center the data











Step 2: Find Principal 
Components





Minimize 
Reconstruction Error



Maximize Variance













we could stop here









Step 3: Change of Basis







Explained Variance



Example w 3 Genes    
     → 3 Dimensions





















Singular Value 
Decomposition 
(SVD)



Singular Value Decomposition

Fact: Any matrix M 
can be written as the 
multiplication three 
separate matrices



Relating PCA & SVD

● PCA finds the directions of 
greatest variance

● Same as the eigenvectors 
of the covariance matrix

v1 is the best line to project to

v2 is the worst line to project to

v1

v’

v2

So how do we find the 
eigenvectors of           ? 



Fact: Any matrix M 
can be written as the 
multiplication three 
separate matrices

Singular Value Decomposition

 SVD will help us find V! 
The matrix with PCs.



Rank-r approximations

Say that matrix X is “bloated” 

● many linearly dependent 
vectors increase its size 

● the “information” of M lives the 
subspace spanned by its 
linearly independent vectors



Rank-r approximations



Understanding the decomposition

Sorted in 
descending order



Understanding the 
decomposition

Analogy: 
Coats of paint

Rank-1 
Approximation



Understanding the 
decomposition

Analogy: 
Coats of paint

Rank-2 
Approximation



Understanding the 
decomposition

Analogy: 
Coats of paint

Rank-r 
Approximation



Convolutional Neural 
Networks (CNNs)



Neural Networks

So far, we’ve looked at neural networks that look like this:

for the XOR problem and on the MNIST dataset (HW3).

● Both of these are pretty simple problems and our models were fairly small.



Now, consider more complex image data, 
like:

● Why might the same fully connected 
neural network architecture not work 
very well for these images?

Neural Networks

So far, we’ve looked at neural networks that look like this:

for the XOR problem and on the MNIST dataset (HW3).

● Both of these are pretty simple problems and our models were fairly small.



Neural Networks: Images

● A dense neural network has a lot of parameters to 
learn. 

○ Moderate sized images might be 3 x 200 x 200 pixels each - 
1200 inputs!

● With lots of images, we’d like to have fewer weights 

● Typically, pixels that are closer to each other are more 

related while regions that are farther apart are less 

related



Convolutions! (crash course)

Taking advantage of the structured nature of image 
data, we can use weighted sums in small areas of 
images to process the data.

CSE/STAT 416, 23Sp 

https://courses.cs.washington.edu/courses/cse416/23sp/lectures/11/11.pdf


Convolutions! (crash course)

Taking advantage of the structured nature of image 
data, we can use weighted sums in small areas of 
images to process the data.

● We use a kernel filter that slides over the image 
and compute the sum of the element-wise product 
between the kernel and the image



Convolutions - cont’d.

CSE/STAT 416, 23Sp 

https://courses.cs.washington.edu/courses/cse416/23sp/lectures/11/11.pdf


Convolutions - cont’d.

CSE/STAT 416, 23Sp 

    (3*0) + (3*1) + (2*2)
+ (0*2) + (0*2) + (1*0)
+ (3*0) + (1*1) + (2*2) = 12

https://courses.cs.washington.edu/courses/cse416/23sp/lectures/11/11.pdf


Convolutions - cont’d.

● What 3x3 kernel would result in the same 
image? (ignoring the edges)

● Can you think of any cool operations 
convolutions could do with an image? 



Convolutions - cont’d.

● What 3x3 kernel would result in the same 
image? (ignoring the edges)

● Can you think of any cool operations 
convolutions could do with an image? 



Padding & Stride

● Convolutions can have problems on 
the edges. So, we can add 
“padding” to the edges 

○ Can vary the value and amount of 
padding to include

CSE 455, 23Sp

https://docs.google.com/presentation/d/1szC_xsXx4kBtVaM-6yVjdJRPc2SGgOq3rcpzKM06-UM/edit#slide=id.g37af6d653e_0_11


Padding & Stride

● Convolutions can have problems on 
the edges. So, we can add 
“padding” to the edges 

○ Can vary the value and amount of 
padding to include

CSE 455, 23Sp

● Can also set a “stride”, which determines how far to “jump” values. Weʼve 
looked at convolutions with stride 1 so far; how would a larger stride affect 
your convolution output? 

https://docs.google.com/presentation/d/1szC_xsXx4kBtVaM-6yVjdJRPc2SGgOq3rcpzKM06-UM/edit#slide=id.g37af6d653e_0_11


Pooling

Similar to convolutions, pooling is an operation that is commonly used to 
downsample images. 

A pooling layer will iterate over an image like a convolution, pooling pixels in each 
region. You can average pixels, take the minimum value, take the median, etc. But 
typically, we will use max pooling, where we take the maximum value at each 
region.  

CSE/STAT 416, 23Sp 

https://courses.cs.washington.edu/courses/cse416/23sp/lectures/11/11.pdf


What each filter looks like

Each filter learns some 
feature of the input.

For this example, input is 
a 6x6 image with RGB 
channels. The filter will 
have the size of third 
dimension equal to the 
input channel (3). Output 
is just the elementwise 
dot-product.

Number of filters 
influence the output 
channel through stacking



Convolutional Neural Networks
● Lots of different architectures possible for CNNs! In general, they often take 

the form:

● The basic building blocks are convolutional layers, pooling layers, and 
fully connected layers. Fully connected layers are often used as a last 
layer to map your image features to predictions.



Filters visualized

CNN visualization demo by Adam Harley

You can clearly see the 
feature mapping here as a 
result of the convolutional 
operation with the kernel 
filters.

https://adamharley.com/nn_vis/cnn/3d.html


This video shows a convolutional pass being done. The kernel 
they use here is a “sharpening kernel”



An equation worth memorizing…



Applications of CNNs



Applications of CNNs

✔

❌



Questions/Chat 
Time!



Variance Maximization

One way to think about 
“information” in data is its 
spread, or variance.

Projection data down to 
one single point = loss of 
all information.

So what is the opposite?

v1 is the best line to project to

v2 is the worst line to project to

v1

v’

v2





CNN Slides

https://docs.google.com/presentation/d/1kZZgx48WOtUkH7yoCENHVpx499NKDVu3k2yU6Qy-_Kc/edit?slide=id.p#slide=id.p


Rank-r 
approximations

Shaded areas are what is 
“enough” to reconstruct 
M. Blank areas are 0

For compression using 
SVD, we pick r to be 
small to save us lots of 
space!



Singular Value 
Decomposition

Fact: Any matrix M can 
be decomposed into 
three separate matrices.

● I will not be 
discussing how to 
solve SVD, rather 
what its solution 
means.

(BTW: This is equivalent to thinking 
of M as a rotation, scaling, and 
another rotation).

Say M is rank r

How I like to think of rank: How 
much space is actually taken 
up by the vectors in the matrix?

Alternative explanation: 
Rank is how much 
space the matrix “fills”. 

Linearly dependent 
vectors don't contribute 
more to this “filling”



Relating PCA & 
SVD

So how do we find the 
eigenvectors of           ? 

From lecture:

Remember 
this?:

Selecting the first q vectors 
from V gives us the 
directions with the 
GREATEST variance… 
principal components!



Q: Which singular vectors affect the 
reconstruction of M the most and least. Why?

A:

Understanding the decomposition


