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Image Datasets -- MNIST
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Image Datasets -- Cifar-10
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Image Datasets -- ImageNet

« Large-scale visual dataset infroduced by Deng et al., 2009
« QOver 14 million labeled images, 21K+ object categories.

« Standard subset: 1.28M training / 50K validation images (1000 classes).
« High-resolution images (voried sizes), chollenging benchmark for deep CNNs.
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Training Loop Essentials

. Data

« Move data to device (CPU/GPU) ‘ 1

,; .‘.",'

« Forward pass — compute predictions . ﬁ %

» Compute loss — backward() — Opdate Forward pass |
update weights network
» Repeat for multiple epochs & y

Backward pass
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PyTorch and Deep Learning Ecosystem

Profiler Quantization || Sparsity || Distributed é”
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Intel® GPU device runtime

B Pytorch* 2.4 scope Pytorch2.5scope [} Post Pytorch 2.5 scope

oneDNN stands for oneAPI Deep Neural Network Library and oneMKL stands for oneAPI Math Kernel Library.



e
Common Operators in CIFAR-10 Model

« Conv2d: extracts spatial features

 RelLU: adds nonlinearity

 MaxPool2d: downsampling

» Linear: fully connected layer

» CrossEntropylLoss: combines Softmax + log loss
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Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation e
Convolution Convolution ke e ~
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Common Operators in CIFAR-10 Model

« Conv2d: extracts spatial features
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e
Common Operators in CIFAR-10 Model

« Conv2d: extracts spatial features
* RelU: adds nonlinearity

RelLU Layer

RelLU Activation Function

10 4 = RelU(x)

Filter 1 Feature Map
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e
Common Operators in CIFAR-10 Model

« Conv2d: extracts spatial features
 RelLU: adds nonlinearity
 MaxPool2d: downsampling

Single depth slice

dl1]1]2]4
max pool with 2x2 filters
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Common Operators in CIFAR-10 Model

« Conv2d: extracts spatial features
 RelLU: adds nonlinearity
 MaxPool2d: down sampling
 Linear: fully connected layer

Input Output

N = batch size
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e
Common Operators in CIFAR-10 Model

« Conv2d: extracts spatial features

 RelLU: adds nonlinearity

 MaxPool2d: downsampling

» Linear: fully connected layer

* CrossEntropylLoss: combines Soffmax + log loss

Output
Input image Logits (L) Softmax proba(zg)ilities Classes
3.2 , 0.775 Dog
i’ " 1.3 S(y): = nexp("’") 0.116 | Cat
' Layers o5 i jgexp(yj) 11 ass _
| 0.8 ~ : . 0.070 Cheetah
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Autograd and Computational Graph

« PyTorch dynamically builds a
computation graph as operations run

» Each operator records gradient
computation rules

 |loss.backward() traverses the graph
automatically

« Gradients stored in tensor.grad
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Tensors: The Heart of PyTorch

o Similar to NumPy arrays but GPU

Tensors are the core data structure in PyTorch, optimized with GPU acceleration for faster

accelerated computations.

o Support automatic differentiation for /(2'4) 12 158 9 2o e
deep learning 2 | 61| 2 2\435;/47//4%

« Example shapes: Image [3,32,32], 36 | 11 | 88 3&4\659//63%7V
Batch [64,3,32,32] — e ot

« Common ops: torch.add, torch.mul,

torch.matmul, torch.mean, torch.cat
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Tensors: The Heart of PyTorch -

Pooling: 42 B
BatchNorm: 15

Private: 233

PyTorch Data Types Reference Table

Alias: 42
Data type | CPUtensor | GPUtensor N e,

32-bit floating point torch.FloatTensor torch.cuda.FloatTensor A— Composite Pointwise: 87
ase: 1,

Primitive Pointwise: 50

64-bit floating point torch.DoubleTensor torch.cuda.DoubleTensor . S -
16-bit floating point torch.HalfTensor torch.cuda.HalfTensor L View’R:s"ape: ;Z
actory:
8-bit integer (unsigned) torch.ByteTensor torch.cuda.ByteTensor ol Misc: 56 1
Total: 2,198 Weird Stuft: 40 Named: 5
8-bit integer (signed) torch.CharTensor torch.cuda.CharTensor Nrer
Out: 306 Sparse: 13 =
16-bit integer (signed) torch.ShortTensor torch.cuda.ShortTensor : FFT: 20
RNN: 12
32-bit integer (signed) torch.IntTensor torch.cuda.IntTensor Tensor: 94 Bty o, i
FBgemm: 7
64-bit integer (signed) torch.LongTensor torch.cuda.LongTensor Overloads: 963 Scalar: 89 |

grad_input: 52

Tensor_out: 24
dimname: 21
Scalar_out: 20=

A long tail: 377
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.
Real-World Applications

« Object recognition for autonomous systems.

« Medical diagnhostics and defect detection.

« Wildlife monitoring and smart city vision.

« Foundation for detection and segmentation tasks.
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