
Additional Material: PyTorch
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PyTorch: The basics (Hello World)

ndarray is the 
backbone of 

PyTorch

They called it a 
tensor (I am not a 

fan of the 
terminology), but 

this is not a 
proper tensor in 

the Physics sense 



PyTorch: Why tensors?
Python Lists are 
not contiguous 

in memory.

Think about it: a 
list can have 

heterogeneous 
types.     

How to 
accomplish this 

magic?



PyTorch: Why tensors?
Python Lists are 
not contiguous 

in memory.

Think about it: a 
list can have 

heterogeneous 
types.     

How to 
accomplish this 

magic?



Python Lists are 
not contiguous 

in memory.

Think about it: a 
list can have 

heterogeneous 
types.     

How to 
accomplish this 

magic?

PyTorch: Why tensors?



Torch tensor can 
accept a Python 

list in the 
constructor

Need to be a bit 
careful with type 

conversion

torch.tensor() 
always deep 
copy the data 
(e.g., the list)

PyTorch: Why tensors?



Torch tensors are 
contiguous in 

memory

Torch Tensors allow 
slicing similar to 

Numpy

Many numerical 
manipulations are 

allowed by the API; 
they copy the tensor 
unless it has a “_”) 

PyTorch: Why tensors?



PyTorch: unqueeze Operation

Common 
operation we 
need before 

learning 
broadcasting
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PyTorch: Broadcast
Broadcast is an element-wise operation that should 

not be thought of as matrix addition or multiplication

Notice the data duplication when dim size increases



PyTorch: Broadcast
Broadcast is an element-
wise operation that should 

not be thought of as 
matrix addition or 

multiplication

Dim comparison goes 
from right to left

When increasing the 
dimension size, there is a 

duplication of data



PyTorch: Broadcast
Broadcast is an element-wise 
operation. So new gray scale

What happens on batch image 
with shape (2, 3, 5, 5) broadcast 
to unszdw with shape (3,1,1)?



PyTorch: Broadcast
What happens on batch 

image with shape (2, 3, 5, 
5) broadcast to unszdw 

with shape (3,1,1)?

Remember that unszdw 
will become (1,3,1,1) and 
that broadcast will copy 
the first dim to apply the 

same weighting scheme to 
all images in the batch



PyTorch: dtypes

While in scientific computation we need 64-bit double precision, it is 
unclear if we need more than 32-bit (maybe even 16-bit) on ML 

(even on ML emulators that emulate a scientific data vector, as we 
can have an output layer to cast them upward).



PyTorch: Tensor operations
Type of tensor operations (funcs = functions)

• Creation ops: funcs for constructing a tensor
• Indexing, slicing, mutation ops: funcs for changing the shape, 

stride, or content (e.g., transpose)
• Reduction ops: funcs for computing aggregate values (e.g., 
mean, std, norm)

• Comparison ops: numerical predicates (e.g., equal, max)
• Spectral ops: funcs that operate in the frequency domain
• BLAS/LAPAC ops: linear algebra
• Random Sampling: gen values by drawing random numbers
• Serialization: funcs for saving/loading tensors
• Parallelism: funcs for controlling num of threads



PyTorch: In-place ops

In-place functions (i.e., 
functions that alter the 

tensor itself w/o copying it) 
always have the “_” suffix.

With the suffix, output 
involves a deep copy (can 
save significant memory) 
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PyTorch: In-place ops
In-place functions (i.e., functions that alter the tensor 

itself w/o copying it) always have the “_” suffix.

.scatter_ useful, e.g., to create one-hot encoding



PyTorch: In-place ops
In-place funcs create problems with derivatives auto-

diff: Pytorch needs to keep track of tensor 
modifications incompatible with in-place ops

Forward pass: y = x^2; backward needs: dy/dx = 2x
But which x? original x = 2? modified x = 3?



PyTorch: Forward vs Backward pass
What is forward vs backward pass?

1. Forward pass: compute the value. So forward 
pass answers: What is the prediction? What is the 
loss?

2. Backward pass: compute how that value changes 
when inputs/parameters change. Backward passes 
are based on a computation graph (then walk it in 
reverse and apply the chain rule)



PyTorch: Forward pass

Forward pass: 
The ordinary 
computation

forward pass 
answers: What is 
the prediction? 

What is the loss?



PyTorch: 
Backward pass

Backward pass: Based on a 
computation graph, walk it in 
reverse & apply the chain rule

During the forward pass, 
PyTorch saves values needed 
later. If we modify x after the 

forward pass but before 
backward, then some 
derivatives need to be 

computed using the updated 
value. Error



PyTorch: In-place ops
With fwd and backward understanding: in-place 
operators AFTER computing backward pass: ok



Tensor metadata: size, offset, stride
Tensor stores all 

data in 1D vectors

Metadata to 1D vector: 
size, offset, stride

Size is not the total 
number of elements: that 
is returned by numel()



Tensor metadata: size, offset, stride

offset appears on 
subtensors

Why? No deep 
copy (that can be 

catastrophic)

How to force a deep 
copy? clone()
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Tensor metadata: size, offset, stride

How to force a 
deep copy? 

clone()

Even on t() no 
deep copy

transpose(d1, d2) 
works for nd-

tensors



Tensor 
metadata: size, 
offset, stride

How to ensure 
contiguous memory? 

contiguous() 

Contiguous how? C-
order contiguous



Numpy 
Interoperability

.from_numpy() and 

.numpy() are views, 
so no deep copy

To perform a deep 
copy, .detach() may 

be required



Saving to file

We adopt the HDF5 
file format 

Copy as needed 
(instead of the entire 

tensor all at once)



Loading from file
Here we read 

from CSV 
(common 

format): read 
numpy, then 
convert to 

torch.tensor

Wine-tasting 
example



One-hot 
Encoding

Quality is a 
categorical 

value. Value 4 
is not 2x better 

than 2.

Needs one-hot 
encoding



Data Normalization
Machine Learning need data to be normalize.

How to do that? Example



Data 
Manipulation

Manipulating 
tensors can be quite 

similar to 
manipulating 

Numpy arrays (e.g., 
finding a threshold)



How to encode text? (letter vs words – trivial e.g.)
Representing text

Download and break into lines the Pride & Prejudice 
book (io.BytesIO saves file into RAM memory; still 

need to specify an encoder to convert bytes to str)



Not that many letters 
(dimension is under 

control). 

Many more words (a 
significant problem).

 Professional encodings 
try a middle ground 

(with pieces of words)

Representing text



Simple case: conversion btw Fahrenheit and Celsius

Parameter Estimation 101



Simple case: 
conversion 

between 
Fahrenheit and 

Celsius

Model: linear

Param update 
following 

backward pass

Parameter Estimation 101



PyTorch provides many 
types of Optimizers

The API of optimizers 
worth paying attention 
to (requires an iterable 

of leaf tensors)

Parameter 
Estimation 101
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API closer to ML 
nn.Linear (linear 

layer)

First step: 
train/validation split

Input shaped 
[batch_size, 
nfeatures]

Parameter 
Estimation 102



API closer to ML 
nn.Linear (linear 

layer)

Constructor takes 
the number of 
input/output 

features (here, 1 
temperature in, 1 
temperature out)

Parameter 
Estimation 102



lmodel (nn.Linear) is a 
callable object

Why do we need to call 
zero_grad() in PyTorch?

Remaining Question. 
What is a momentum-

based optimizer?

Parameter 
Estimation 102

https://www.geeksforgeeks.org/deep-learning/why-do-we-need-to-call-zerograd-in-pytorch/
https://www.geeksforgeeks.org/deep-learning/why-do-we-need-to-call-zerograd-in-pytorch/


Remaining Question. 
What is a momentum-

based optimizer?

Parameter 
Estimation 102



Finally: training

Careful: if you code this 
in a Jupyter notebook, do 
not run this cell twice w/o 

redefining the tensor 
(weights are saved, so the 

model will just keep 
“improving”)

Parameter 
Estimation 102



Although not 
appropriate for our 
simple example, 

let’s use MLP (it is 
going to overfit, 
but we want to 

practice the 
coding)

Parameter 
Estimation103



In our 
research/class, a 
dense layer never 

changes the 
dimension of the 

data vector

Parameter 
Estimation103



How to count the 
number of trainable 

parameters (total 
and per top layer)

Python question: 
why the use of 

type() function?

Parameter 
Estimation103
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Parameter Estimation 103

How to count the 
number of trainable 

parameters (total 
and per top layer)

Python question: 
why the use of 

type() function?



Finally: training

Of course, we have a bit 
of overfitting (too many 

parameters)

Careful: if you code this in a Jupyter 
notebook, do not run this cell twice w/o 

redefining the tensor. Weights are 
saved, so the model will just keep 

“improving” (or overfitting even more)

Parameter 
Estimation 103



Once more on the 
PyTorch to Numpy 

conversion

tensor.numpy() 
returns an array that 

shares memory. 
Modify one; the other 
reflects the change.

Parameter 
Estimation 103



Parameter 
Estimation 104

Batch size: don’t use 
the entire training set 

to compute the 
gradient

Use a subset, get a 
noisier estimation, do 

multiple updates



Parameter 
Estimation 104



Parameter 
Estimation 

104

Flat vs sharp 
minimum



Parameter 
Estimation 

104

Flat vs sharp 
minimum



Parameter 
Estimation 104

Define the temperature 
conversion data again 

(but now make a bit more 
general function). 

Increased the number of 
samples to 2000

Same MLP model

Same Loss function



Parameter Estimation 104
Define the new training procedure, now computing 

the gradient in batches



Parameter 
Estimation 104

Train….

Noticed the reduced 
number of epochs

Careful: if you code this in a 
Jupyter notebook, do not run this 

cell twice w/o redefining the 
tensor. Weights are saved, so the 
model will just keep “improving” 

(or overfitting even more)



Parameter 
Estimation 105
How to loop over a 

hyperparameter (like 
batch size)? 

Key is to reset the 
weights

Starting again from 
definitions



Parameter 
Estimation 105
How to loop over a 

hyperparameter (like 
batch size)? 

We must reset the 
weights btw runs

Fair comparison 
requires adjusting the 

number of epochs



Parameter 
Estimation 105
How to loop over a 

hyperparameter (like batch 
size)? 

We must reset the weights 
btw runs

Fair comparison requires 
adjusting the number of 

epochs



Parameter 
Estimation 105
How to loop over a 

hyperparameter (like 
batch size)? 

What happens when 
nepochs is fixed (and too 
low for high batch size)?

High batch size is 
undertrained



How to loop over a 
hyperparameter (like batch 

size)? 

Here, we adjust both the 
number of epochs and the 

learning rate

Parameter 
Estimation 105



Parameter 
Estimation 106

Loop over batch size 
and the dense layer 

width

For each layer width, 
plot only the best batch 
size case (best to which 

metric?)



Parameter 
Estimation 106

Fix a problem on the 
previous examples 

(dataset leak)



Parameter 
Estimation 106

Loop over batch 
size (adjusting 

number of epochs) 
and the dense layer 

width

Here we keep the 
losses from all 

epochs



Parameter 
Estimation 106

With no adjustable LR.    
What is the best model? 

Average of the last 5 
epochs?                   

Wouldn’t that punish 
small batches?                      

To answer that, we 
average over 10 seeds



PE 106: What is the best model?
Average of the last five epochs? Val on last epoch? 

That punishes small batches (noise)



PE 106: What is the best model?
Average of the last five epochs? Val on last epoch? 

That punishes small batches (noise)



PE 106: What is the best model?



PS: The python code to plot the shades
If you don’t 
understand 

why we 
need to 

make the 
dictionary 

keys sorted, 
see the next 

slide
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Can we visualize how 
the maximum learning 

rate depends on the 
minimum curvature?

Parameter 
Estimation 107
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Parameter 
Estimation 108

Second point: 
generalization

This depends on the 
curvature of the minimum

SWA methods punish sharp 
minima (if orbits around 

minima are symmetric and 
a clean quadratic basin)



Parameter 
Estimation 108

Code explanation

SWA takes averages 
over trainable 

parameters (the 
weights we are 

trying to optimize)



PE 107: What is the best model?



Redo PE106 
exercise, but 

sending data and 
tensors to a device 

(which can be a 
GPU)

Parameter 
Estimation 109
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Redo PE106 
exercise, but 

sending data and 
tensors to a device 

(which can be a 
GPU)



Redo PE106 
exercise, but sending 
data and tensors to a 
device (which can be 

a GPU)

Plot the same as 
PE106

Parameter 
Estimation 109



Redo PE106, but 
emulating data that is 

too large to fit on 
CPU and GPU RAM

Step 1: how to 
compute data vectors 

that do not fit into 
RAM and save them

Parameter 
Estimation 110
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Redo PE106, but 
emulating data that is 

too large to fit on 
CPU and GPU RAM

Step 1: How to 
compute data vectors 

that do not fit into 
RAM and save them



Redo PE106, but 
emulating data too large to 
fit on CPU and GPU RAM

Step 2: how to read data 
vectors that do not fit into 
RAM. Use memmaps (the 
mmap_mode option on 
np.load)

Parameter 
Estimation 110



Step 3: Loading 
directly from disk to 

GPU per batch is 
horribly inefficient. 

Need to do per group 
of batches

Q1: What is the size of 
one batch?

Parameter 
Estimation 110



Parameter Estimation 110
Q3: Given the size of one batch (and model size, that 

is Q2), how many batches fit in the GPU RAM? 



Q4: Given 
validation may also 
not fit into RAM, 

how do we compute 
validation loss?

Parameter 
Estimation 110



Step 4: How to go on 
each epoch, loading 
not one batch at a 
time, but chunks 
(how many? 
whatever fits in GPU 
memory). 

Parameter 
Estimation 110



Step 5: training loops 
over seed values and 
hyperparameters are 
the same as PE106 
(w/o split of data and 
batches)

Parameter 
Estimation 110



Step 7: 
same as 
PE106 (w/o 
split of data 
and batches)

Parameter Estimation 110


