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PyTorch Basics
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What is PyTorch?

• Open-source deep learning framework by Meta (Facebook AI Research)

• Tensor computation with GPU acceleration

• Pythonic and intuitive — works like NumPy but with GPU support

• Rich ecosystem: torchvision, torchaudio, torchtext, HuggingFace

• De facto standard for research and increasingly for production

3MCV 97202 | Technion | Spring 26



Tensors

4

𝑎 =
1 2 3
4 5 6

A tensor is a multi-dimensional array
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Tensors | creation
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random 𝑎

Identity matrix
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Tensors | attributes
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Key attributes of a tensor:

shape:    during creation:

dtype:    common dtypes:

device:    change attributes:

𝑎 =
1 2 3
4 5 6
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Tensors | device management
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Do we have GPU resource available*?

How many devices do we have?

Moving to a specific GPU:

*Non-NVIDIA GPUs could be available even when False.
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Tensors | arithmetic operations
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Tensors | Boolean element-wise operations
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Tensors | indexing and slicing
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Tensors | concatenation and stacking

Concatenation: 

Stacking:
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Tensors | in-place operations
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Contiguity: elements are stored in a single sequential memory block, can use .contiguous() if needed

 

Tensors | reshaping
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Reshape without copying data

Reshape even when tensor is non-contiguous 

𝑎 =
1
5

2
6

3
7

4
8

𝑏 =
4
8

3
7

2
6

1
5



Tensors | vector operations
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Only 1D

Same to .dot on 1D

Above 1D sums per row

Different methods for matrix multiplication:

𝑎 =
1
5

2
6

3
7

4
8

𝑏 =
4
8

3
7

2
6

1
5



Tensors | useful functions

15MCV 97202 | Technion | Spring 26

𝑎 =
1
5

2
6

3
7

4
8

𝑏 =
4
8

3
7

2
6

1
5

Default to ascending sort per row



Tensors | broadcasting

Allows operations on tensors with different shapes without explicit copying

Rules:

1. Dimensions are compatible if equal, or one of them is 1

2. Missing dimensions are treated as size 1
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Tensors | Einstein summation
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1. Each dimension in each operand is assigned a letter

2. Multiplication is done over dimensions with the same letter

3. Summation is then done over dimensions with letters that are not in the output



Tensors | gather
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A stack of same-dimensions
original tensors

A dimension along the stack

A tensor of indices



Vectorization & GPU

Golden rules:

1. GPUs allow for massive parallelism for tensor operations, but are usually bounded by memory

2. Always use built-in vectorized operations instead of Python loops

3. Modern deep learning pipelines are huge and complex – be careful with time and space
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Convolution (1D)

Assume we have a 1D dataset that looks like 𝑥 = −1, −0.5, 0, 0.5, 1, 0.5, 0, −0.5, −1 :
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Convolution (1D)

In real life, we sometimes have noise:
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Convolution (1D)

We want to smooth our dataset with the following filter (“local function”) 𝑤: 

𝑤: for every element, return the average of its two neighbors
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Convolution (1D)

What is the contribution of 𝑥[𝑘] to 𝑦[𝑛]?

If 𝑛 − 𝑘 = 1 or 𝑛 − 𝑘 = −1 then 0.5, otherwise 0.

We can say that:

𝑦 𝑛 = ෍

𝑘

𝑥 𝑘 ⋅ 𝑤[𝑛 − 𝑘]

With 𝑤 −1 = 0.5, 𝑤 0 = 0, 𝑤 1 = 0.5 (and 𝑤 𝑘 = 0 ∀𝑘 ∉ [−1, 0, 1])
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Convolution (1D)

What is the contribution of 𝑥[𝑘] to 𝑦[𝑛]?

If 𝑛 − 𝑘 = 1 or 𝑛 − 𝑘 = −1 then 0.5, otherwise 0.

We can say that:

𝑦 𝑛 = ෍

𝑘

𝑥 𝑘 ⋅ 𝑤[𝑛 − 𝑘]

With 𝑤 −1 = 0.5, 𝑤 0 = 0, 𝑤 1 = 0.5 (and 𝑤 𝑘 = 0 ∀𝑘 ∉ [−1, 0, 1])
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Convolution (1D) 

We can also ask what would be the result 𝑦 𝑛  for every 𝑥[𝑛]:

𝑦 𝑛 = 𝑤 −1 ⋅ 𝑥 𝑛 − 1 + 𝑤 0 ⋅ 𝑥 𝑛 + 𝑤 1 ⋅ 𝑥[𝑛 + 1] 

𝑦 𝑛 = ෍

𝑘

𝑤 𝑘 ⋅ 𝑥[𝑛 + 𝑘]
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Convolution (1D) | cross-correlation

We can also ask what would be the result 𝑦 𝑛  for every 𝑥[𝑛]:

𝑦 𝑛 = 𝑤 −1 ⋅ 𝑥 𝑛 − 1 + 𝑤 0 ⋅ 𝑥 𝑛 + 𝑤 1 ⋅ 𝑥[𝑛 + 1] 

𝑦 𝑛 = ෍

𝑘

𝑤 𝑘 ⋅ 𝑥[𝑛 + 𝑘]

This is a cross-correlation.
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Convolution (1D) | cross-correlation

We can also ask what would be the result 𝑦 𝑛  for every 𝑥[𝑛]:

𝑦 𝑛 = 𝑤 −1 ⋅ 𝑥 𝑛 − 1 + 𝑤 0 ⋅ 𝑥 𝑛 + 𝑤 1 ⋅ 𝑥[𝑛 + 1] 

𝑦 𝑛 = ෍

𝑘

𝑤 𝑘 ⋅ 𝑥[𝑛 + 𝑘]

We call this cross-correlation.

With 𝑙 = 𝑛 + 𝑘:

𝑦 𝑛 = ෍

𝑙

𝑥 𝑙 ⋅ 𝑤[𝑙 − 𝑛] = ෍

𝑙

𝑥 𝑙 ⋅ 𝑤 − 𝑛 − 𝑙

Cross-correlation and convolution are the same operators with a flipped kernel!
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Convolution (1D) | PyTorch
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There is also a Module version (                                                                                             ) – will be relevant for DNNs



Convolution (1D) | important parameters

• Noticed that 𝑦[𝑛] has less elements than 𝑥[𝑛]? What can we do with 𝑥[1] or 𝑥[𝑁]?

– We can expand 𝑥[𝑛] to both directions 

This is called padding (default = 0, use “same” for equal input and output)
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Convolution (1D) | important parameters

• What if we want to average 𝑥[𝑛] over greater ranges?

– Use the same 𝑤[𝑘] on farther elements of 𝑥 with 𝑥 𝑑 ⋅ 𝑘  instead of 𝑥 𝑘 : 

𝑦 𝑛 = ෍

𝑘

𝑤 𝑘 ⋅ 𝑥[𝑛 − 𝑑 ⋅ 𝑘]

This is called dilation (default = 1)
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Convolution (1D) | important parameters

• What if want to skip elements in 𝑥?

– We can compute 𝑦[𝑛] not for 𝑥 𝑛 , but for 𝑥[𝑠 ⋅ 𝑛]: 𝑦 𝑛 = σ𝑘 𝑤 𝑘 ⋅ 𝑥[𝑠 ⋅ 𝑛 − 𝑘]

– This is called stride (default = 1)
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Convolution 1D | shapes

Input: 𝑁 ×  𝐶𝑖𝑛  ×  𝐿𝑖𝑛

𝑁 – number of samples (e.g., number of input audio files)

𝐶𝑖𝑛 – number of features per sample (e.g., number of tracks per audio file)

𝐿𝑖𝑛 – number of elements per sample (e.g., length of audio file)

Kernel: 𝐶𝑜𝑢𝑡  ×  𝐶𝑖𝑛  ×  𝐿𝑘𝑒𝑟𝑛𝑒𝑙

Output will be: 𝑁 ×  𝐶𝑜𝑢𝑡  ×  𝐿𝑜𝑢𝑡  

𝐿𝑜𝑢𝑡 =
𝐿𝑖𝑛 + 2 ⋅ padding − dilation ⋅ 𝐿𝑘𝑒𝑟𝑛𝑒𝑙 − 1 − 1

stride
+ 1
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Images in PyTorch
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Images as Tensors
• Images in PyTorch: tensors of shape (C, H, W)

– C = channels (3 for RGB, 1 for grayscale)

– H = height, W = width

• Two common representations:

– Float [0.0, 1.0] — used for computation and neural networks

– Uint8 [0, 255] — standard image format, used for storage
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Images as Tensors
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Visualization with Matplotlib

The go-to for image display (and plotting in general)
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Channel order matters – PyTorch (C, H, W) but Matplotlib (H, W, C)



Visualization with Matplotlib

Matplotlib automatically adjusts gray level range – use vmin and vmax to show true level values
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Image slicing & manipulation
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Crop: Flip:



Image slicing & manipulation

39MCV 97202 | Technion | Spring 26

These are just examples – 
all standard tensor ops apply on images!



Image slicing & manipulation

40MCV 97202 | Technion | Spring 26

Interpolate

– Resize images

– Input shape: (B, C, H, W)



Image slicing & manipulation
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torchvision.transforms



Point operations
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Convolution 2D
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conv2d() instead of conv1d()

– Input: (B, C_in, H, W), Kernel: (C_out, C_in, kH, kW)

– For true convolution: flip kernel with .flip([-2, -1])



Convolution 2D
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Convolution 2D | padding
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Padding = (1, 1)



Convolution 2D | dilation

46MCV 97202 | Technion | Spring 26

Dilation = 2



Convolution 2D | stride
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Stride = 2



Batch dimension
Most PyTorch operations expect a batch dimension:

– Single image: (C, H, W) → Batched: (B, C, H, W)

Why batches?

– Process multiple images in parallel

– Required by F.conv2d, F.interpolate, neural network layers

– Better GPU utilization — hardware is designed for batched operations

• Adding: img.unsqueeze(0) → (1, C, H, W)

• Removing: output.squeeze(0) → (C, H, W)

• Stacking: torch.stack([img1, img2, ...], dim=0)
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Histogram

Histogram: the number of appearances of each element in a set

In images: the number of pixels with (or distribution of) color/gray levels
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Histogram equalization
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Step 1 – Compute histogram:

Step 2 – Cumulative sum (CDF):

Step 3 – Normalize to [0, 1]:



Histogram equalization
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Step 4 – Map pixel values:

Original histogram
Original CDF

Equalized histogram
Equalized CDF



Histogram equalization
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Histogram equalization
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