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absolute error loss, 43, 73
absolute improvement, 120
AC-GAN, 354
accuracy, 36
actions, 12, 328
activation function, 83
active learning, 30
Adadelta, 144, 145
Adagrad, 132
ADAM algorithm, 129
Adamax, 144, 147
adaptive instance normalization, 327
adaptive learning rates per coordinate, 129
adaptive moment estimation, 129
adaptive subgradient, 132
adjacency lists, 341
adjacency matrix, 341
adjacency weight matrix, 341
adjoints, 142
adversarial, 316, 317
adversarial autoencoders, 111
a�ne discrete time linear dynamical sys-

tem, 50
agent, 12, 29, 328, 331
aggregate, 346
Akaike information criterion, 30, 72
AlexNet, 10, 15, 25, 203, 236, 247
algorithms, 27, 28
alignment function, 274
alignment model, 274
alignment scores, 274
AlphaGo, 26
anchor, 244
annotated, 17
approximate Bayesian computation, 353
arctan, 182
area under the curve (AUC), 37
Armijo condition, 151
Armijo line search, 164
artificial general intelligence, 13
artificial intelligence, 2
artificial neural network, 1

artificial neuron, 83
attention mechanism, 7, 11, 271, 274
attention weights, 274
auto-regressive, 252
auto-regressive stochastic sequence, 311
autoencoders, 7, 9, 99
automatic control, 328
automatic di�erentiation, 135, 164
auxiliary classifier generative adversarial

network, 326
average-pooling, 228

backpropagation, 247
backpropagation algorithm, 9, 184, 203
backpropagation through time, 259, 260
backtracking, 151
backtracking line search, 151, 164
backward mode, 138
backward mode automatic di�erentiation,

203
backward pass, 142
bag of words, 254
bagging, 72
balanced, 19
basic gradient descent with exact line search,

149
batch normalization, 9, 194, 204, 233
batch normalization inception, 247
Bayesian information criterion, 30, 72
Bayesian neural networks, 26
Bayesian statistics, 353
beam search, 292
Bellman equations, 333
BERT, 295
bias, 39, 76
bias and variance tradeo�, 53, 57
bias correction, 133
bias vector, 169
bidirectional recurrent neural network, 265,

294
big data (analytics), 2
binary cross entropy, 79
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binomial distribution, 76
Boltzman machine, 353
boosting, 72
bottleneck, 99
bottleneck layers, 238
bounding box, 243
Broyden-Fletcher-Goldfarb-Shanno, 161

C-GAN, 354
C/C++, 25
categorical, 17
categorical cross entropy, 91
categorical distribution, 87
Cauchy-Schwartz, 357
causal modeling, 26
cell state, 255, 267
centered data matrix, 66
centers (K-means), 63
central processing units, 15
centroids, 63
channels, 10, 223
ChatGPT, 11
Chinchilla, 295
CIFAR-10 dataset, 20
classification, 3, 28, 32
closed loop control, 331
cloud computing, 15
clustering, 29, 62
code (encoder-decoder), 99, 272
colorization, 353
column-major, 17
combine (message passing GNN), 346
commutative, 209
comparison network, 244
complete graph, 341
computational graph, 139
computer algebra systems, 136
computer scientists, 6
computer vision, 240
conditional generation paradigm, 326
conditional generative adversarial network,

326
confidence bands, 32
confidence intervals, 111
confusion matrix, 36, 47
conjugate, 151
conjugate gradient method, 150
connected, 341
consistent, 54
constrained, 114
constrained optimization, 104

constraint set, 114
context vector, 252, 272
continuous, 358
continuously di�erentiable, 361, 364, 365
contraction mapping, 335
contractive autoencoders, 111
control policy, 331
control theory, 7, 328
controller, 331
converge, 358
convex function, 115
convex hull, 123
convex set, 115
convexity, 115
convolution, 206, 209, 212, 213
convolution theorem, 349
convolutional kernel, 219
convolutional layers, 206, 226
convolutional neural network, 7, 10, 205,

247
convolutionalization, 232
correlated features, 66
cosine of the angle, 357
covariance, 66
covariance matrix, 300
cross attention layer, 290
cross entropy, 368
cross validation, 60
curvature condition, 160

data, 27
data augmentation, 326
data matrix, 65
data mining, 2
data reduction, 29
data science, 2
data scientists, 6
data to data paradigm, 327
Davidon-Fletcher-Powell, 165
de-mean, 66
de-noising, 106
decay parameter, 132
decision rule, 35
decision trees, 32, 39, 72
decoder, 7, 9, 11, 99, 271, 298, 302
deconvolution architecture, 236, 248
deep, 84
deep blue, 26
deep learning (DL), 2
deep Q-learning, 337
deep reinforcement learning, 328, 336
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DeepWalk, 354
degradation problem, 238
degree, 96, 341
denoising autoencoder, 108
denoising matching, 310
denoising mechanism, 308
dense layers, 226
dense network, 167
dense neural network, 7
depth, 214, 223
depth reduction layer, 232
derivative, 361
descent direction, 147
descent direction method, 119
descent step, 119
design matrix, 40
di�erentiable, 361
di�erentiable programming, 135, 136
di�usion model, 7, 25, 298, 311, 353
dilation, 220, 222
dimension, 17
Dirac delta function, 210
directed graph, 340
directional derivative, 359
Dirichlet regression, 111
discount factor, 332
discriminative models, 38
discriminator, 11, 298, 316
distance channel, 241
dropout, 9, 197, 204, 233
duality theory, 323
dummy, 45
dying ReLU, 182
dynamic context vector, 277
dynamic equilibrium, 317
dynamic graph neural networks, 344
dynamic graphs, 354
dynamic programming principle, 334

early stopping, 126
Eckart-Young-Mirsky theorem, 70, 73, 105
edge, 340
edge level features, 342
edge set, 339
EditGAN, 354
e�ectiveness function, 72
E�cientNet, 236, 237, 240, 247
elastic net, 59, 73
elbow, 65
Elman network, 294
elu, 182

embedding vector, 250
encoder, 7, 9, 11, 99, 271, 298, 302
encoder-decoder architecture, 252, 271
engineered feature, 34
enhance, 327
ensemble, 199
ensemble learning, 199
ensemble method, 199
environment, 12, 328
epoch, 125
epsilon greedy, 335
error, 32, 40
estimated gradient, 125
ethical aspects, 26
Euclidean distance, 357
Euclidean norm, 357
evidence, 304
evidence lower bound (ELBO), 304
exact line search, 148
expected generalization performance, 55
exploding gradient, 191, 204
exponential decay parameter, 121
exponential smoothing, 129
expression swell, 135
extracted features, 168

F1 score, 38
F— score, 38
face recognition, 243, 247
false negative (FN), 36
false positive (FP), 36
false positive rate, 37
fashion MNIST dataset, 19
fast Fourier transform, 247
fast.ai, 4, 25
feature based, 234
feature engineering, 178
feature extraction, 9
feature maps, 208, 225
feature vectors, 17
feedback control, 331
feedforward deep neural network, 167
feedforward fully connected neural net-

work, 7, 9
feedforward network, 7, 167
feedforward pass, 172
filtering, 206
fine-tuning, 4
finite sum problem, 116
first Wolfe condition, 151
first-order method, 129
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first-order Taylor’s approximation, 365
Flux.jl, 25, 164, 203
fMRI (functional magnetic resonance imag-

ing), 241
forward mode, 138
forward pass, 142, 170
Fourier analysis, 285
Fourier transform, 349
freezing, 279
freezing layers, 230
Fruits 360, 4
full SVD, 42, 69
fully connected deep autoencoder architec-

ture, 9
fully connected graph, 341
fully connected layers, 9
fully connected network, 7, 167
fully convolutional network, 226, 232

game theory, 11
gate, 176, 257
gated recurrent unit, 10, 270, 294
Gaussian, 369
Gaussian mixture model, 301, 353
general additive models, 72
general fully connected architecture, 167
general fully connected neural network,

167
generalization ability, 52
generalization error, 54
generalization gap, 55
generalization performance, 54
generalized additive model, 34
generalized linear model, 34, 72, 76
generalized recursive neuron, 354
generative adversarial network (GAN), 7,

11, 26, 298, 353
generative modelling, 29, 297
generative models, 38
generator, 11, 316
GLaM, 295
global minimum, 114
GloVe, 294
Golub-Reinsch algorithm, 73
GoogLeNet, 236, 237, 247
Gopher, 295
GPT-2, 295
GPT-3, 26, 295
gradient, 359
gradient boosted trees, 39
gradient boosting, 72

gradient clipping, 191, 264
gradient descent, 48
gradient magnitude, 120
gradient penalty, 325
Gram matrix, 42
graph, 339
graph attention networks, 351, 354
graph convolutional network, 348, 354
graph embeddings, 343
graph neural networks, 12, 275, 338
graphical processing units, 15
GraphSAGE, 354
grid-structured data, 205
group normalization, 233, 247

Hadamard product, 132
handwriting recognition, 294
He initialization, 192
Heaviside step function, 111
Hessian, 361
Hessian matrix, 84
hidden layer, 99, 168
hidden Markov models, 353
hidden state, 255, 267, 270, 344
hierarchical clustering, 73
hierarchical Markovian variational autoen-

coders, 11, 353
hierarchical variational autoencoders, 308,

353
high dimensional, 15
high pass filtering, 350
hold out set, 30
HOPE, 354
Hopfield networks, 203
Huber error loss, 43, 73
HuggingFace, 294
hyper-parameter, 59
hyperbolic tangent, 181
hypothesis tests, 32, 111

i.i.d., 77
identifiable, 87
identification, 243
identity activation function, 83
image captioning, 252
image classification, 248
image processing, 10
image sequences, 241
image to image paradigm, 326, 327
image to text, 271
Imagen, 353
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Imagen Video, 353
ImageNet, 25
ImageNet challenge, 20, 247
ImageNet database, 3, 20
imitation game, 13
imitation learning, 354
impulse response, 210
impulse signal, 210
in-degree, 341
inception module, 237
inception network, 236, 237, 247
indicator, 45
inductive learning, 343
inexact line search, 148, 151
infinite horizon expected discounted re-

ward, 332
inflection point, 154
Info-GAN, 326, 354
information theory, 7, 203
inherent noise, 58
inner product, 357
inpainting, 353
input channels, 215
input layer, 167
input neuron, 167
instance segmentation, 243
interaction term, 34, 72
intercept, 39, 76
internal cell state, 267
internal features, 208
internal gates, 267
internal hidden state, 270
interpolation on the latent space, 109
interpretable machine learning, 234
interpretable models, 80
interpretation, 33, 80, 233

Jacobian, 360
jacobian vector product, 137, 363
JAX, 164, 203
Jensen-Shannon distance, 369
Jensen-Shannon divergence, 368
Julia, 25

K-fold cross validation, 30, 60, 73
K-means, 62, 73
K-nearest neighbours, 39, 72
Kalman filtering, 328
Kantorovich-Rubinstein duality theorem,

323
Keras, 4, 25

kernel methods, 72
key, 274, 281
knee point, 65
Krylov subspace methods, 156
Kullback–Leibler divergence, 367

L-BFGS, 153
labelling, 63
labels, 17
LaMDa, 295
landmark detection, 242
Laplacian matrix, 349
large language models, 7, 11, 13, 252, 271,

292, 355
lasso, 59, 73
latent space, 106, 252, 298
latent variable, 77
latent variable sample marginal distribu-

tion, 303
layer, 167
layer normalization, 288, 294
leaky ReLU, 182, 203
learning, 3, 27
learning rate, 48, 130
learning to rank, 111
least absolute shrinkage and selection op-

erator, 59
least squares, 72
least squares problem, 41
LeNet-5, 236, 247
likelihood, 30
likelihood function, 77
Limited-memory BFGS, 153
limited-memory BFGS, 161
LINE, 354
line search, 144, 147
linear algebra, 26
linear approximation, 364, 365
linear autoencoder, 103
linear classifiers, 81
linear discriminant analysis, 38, 72
linear model, 9
linear programming, 323
linear regression, 72
linear time invariant, 209, 247
linearity, 210
linearly separable, 111
link function, 76
loading vector, 67
local minimum, 114
locality, 206, 345
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localization, 5
localization and classification, 242
locally convex, 116
locally estimated scatterplot smoothing

(LOESS), 34, 72
log odds, 76
log-density, 369
log-likelihood, 78
log-sum-exp, 118
logistic, 181
logistic distribution, 77
logistic function, 76
logistic regression, 9, 35
logit, 76
long short term memory, 10, 294
look-ahead momentum, 145
look-ahead prediction, 252
loss function, 31, 40
loss landscape, 51
low pass filtering, 350
low rank approximation, 70

machine learning, 2
machine translation, 11, 252, 271
manual annotation process, 18
many to many, 253
many to one, 253
Maple, 25
mapping network, 327
margin, 245
Markov chain, 308, 330
Markov decision processes, 329
Markov property, 308
Markovian, 308
Markovian hierarchical variational autoen-

coder, 308
masked self attention, 283
masking, 284
Mathematica, 25
mathematical engineering, 7
mathematical game, 317
MATLAB, 25
matrix calculus, 204
max-pooling, 228
maximum a posteriori probability, 93, 170
maximum likelihood estimation, 43, 77
mean computation, 63
mean square error, 31
mean vector, 300
Mechanical Turk, 25
Megatron-Turing NLG, 295

message, 346
message passing, 346, 354
message passing neural network (MPNN),

346
mini-batch, 125
mini-batch gradient descent, 125
minimax objective, 317
mixed models, 34
mixture components, 301
mixture weights, 301
MNIST database, 18
mode collapse, 318
model bias, 53, 58
model misspecification, 34
model parameters, 33
model selection, 52, 73
model variance, 53, 58
models, 27, 28
momentum, 129, 130
momentum parameter, 130
momentum update, 130
monomial, 96
Moore-Penrose pseudo inverse, 42, 73
multi-class classification, 32, 45
multi-class logistic regression, 86
multi-collinearity, 73
multi-graph, 342
multi-head attention, 280
multi-head cross attention, 291
multi-head self attention, 280
multi-index, 365
multi-layer dense network, 167
multi-layer perceptron, 7, 9, 167, 203
multimodal model, 11, 294
multinomial distribution, 87
multinomial logistic regression, 86
multinomial regression model, 9, 86
multiplication gate, 176
multivariate chain rule, 362
multivariate normal distributions, 300

Nadam, 144
Nadaraya-Watson kernel regression, 34, 72
naive Bayes classifier, 38, 72
narrow tasks, 13
natural language processing (NLP), 10, 20,

250, 294
NCHW, 190
negative definite, 361
negative predictive value, 36
negative semidefinite, 361

406



i
i

i
i

i
i

i
i

Index

neighbours, 341
Neocognitron, 236, 247
Nesterov accelerated gradient, 144
Nesterov acceleration, 144
Nesterov momentum, 144
network dissection, 248
network inversion, 248
network within a network, 236, 237
network-in-network, 247
neural network, 1
neural style transfer, 327
neuron, 167
Newton’s method, 153
Newton-Raphson, 153, 165
NHWC, 190
no self loops, 346
node level features, 342
node set, 339
node2vec, 354
noise features, 66
noising mechanism, 308
nominal categorical variable, 17
non-interpretable, 80
non-linear PCA, 106
non-saturating GAN, 321
normal, 369
normal equations, 42
normalization, 194
normalization of the data, 31
normalizing flows, 354
NS-GAN, 354
number of output channels, 225
numerical, 17
numerical di�erentiation, 135

object detection, 242
object localization, 242
objective function, 114
observations, 12, 328
occlusions, 234
odds, 76
odds ratio, 80
one by one convolutional layer, 231
one step transition probabilities, 308
one to many, 253
one vs. all, 45
one vs. one, 45
one vs. rest, 45
one-hot encoding, 43, 250
one-hot encoding positional embedding,

284

open loop control, 331
ordinal categorical variable, 17
ordinal regression, 111
oscillation, 155
out-degree, 341
output layer, 168
over-training, 126
overcomplete, 111
overfit, 58
overfitting, 52, 126
overshoot, 154

padding, 220
parameter estimates, 33
parametric model, 300
partial derivative, 359
partially observable Markov decision pro-

cesses, 329
path, 341
peaks function, 115
perceptron, 9, 25, 111, 203
perceptron learning algorithm, 111
performance function, 53
performance metrics, 53
permutation invariance, 345
permutation matrix, 341
piecewise a�ne function, 182
planar graph, 342
policy, 331
policy iteration, 334
pooling, 10, 226
pooling stride, 229
positional embeddings, 280, 284
positive definite, 361
positive predictive value, 36
positive semidefinite, 361
power product, 96
precision, 36
predefined learning rate schedule, 121
prediction, 28
PReLU, 182, 203
preprocessing, 31, 230
primal, 140
principal component analysis (PCA), 62,

66
principal components, 66
prior matching, 303, 310
probability, 7
probit regression model, 77, 111
prompt, 6
proxy vectors, 274
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pure function, 137
pure mathematics, 7
Python, 4, 25
PyTorch, 4, 25, 164, 203
PyTorch Lightning, 25

Q-function, 333
Q-learning, 335, 354
Q-table, 335
quadratic approximation, 364, 365
quadratic loss, 40
quantum deep learning, 26
quasi-Newton, 153
quasi-Newton method, 156, 165
query, 274, 281

R statistical computing system, 25
random forest, 39, 72
ranking learning, 111
real world, 27, 28
recall, 36
receiver operating characteristic (ROC)

curve, 36
receptive field, 222
receptive field of a derived feature, 229
reconstruction, 303
reconstruction term, 310
recurrence relation, 255
recurrent neural network, 7, 250, 255, 294
recursive graph, 255
reduced SVD, 42, 69
reference level, 45
regression, 5, 28, 32
regression parameter, 39, 76
regularization, 53, 59, 197, 204
regularization parameter, 59
regularization term, 59
reinforcement learning, 7, 12, 29, 328
relative entropy, 367
relative improvement criterion, 120
ReLU, 182, 203
reparameterization trick, 313
reply memory, 337
researchers, 7
reset gate, 270
residual, 40
residual connections, 236, 240
ResNet, 237, 240, 247
restoration, 353
reward, 12, 328
reward function, 332

ridge regression, 59, 73
RMSprop, 132
RNN cell, 257
RNN unit, 257
Roberta, 295
robust autoencoders, 111
root mean square propagation, 132
Rosenbrock function, 164
row-major, 17

saddle points, 116
sample correlation, 52
sample correlation matrix, 66
sample covariance matrix, 66
sample mean, 31
sample standard deviation, 31
sample variance, 31
Schur product, 132
scientific machine learning, 15
score function, 274
scree plot, 71
secant equation, 160
secant method, 153, 155
second Wolfe condition, 152
second-order methods, 152
second-order Taylor’s approximation, 365
seen data, 30, 52
self attention, 280, 281
self loops, 340, 346
self-supervised learning, 30
self-supervision, 264
selu, 182
semantic segmentation, 5, 242
semi-supervised learning, 30
sensitivity, 36
sentiment, 18
sentiment analysis, 252
sequence GAN, 354
shallow, 84
shallow neural network, 83
shortcut connections, 239
siamese network, 244
sigmoid, 170, 176, 181
sigmoid function, 76
simple gate, 257
simple linear regression model, 32
single layer, 83
single sample Bellman estimate, 336
singular value decomposition (SVD), 42,

69, 73
singular values, 69
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singular vectors, 69
skip-gram model, 254
Sobel filter, 206, 247
softmax, 170
softmax activation function, 88
softmax logistic regression, 86
softmax regression, 86
softplus, 182
softsign, 182
sparse autoencoders, 111
spatial-temporal graph neural networks,

354
specificity, 36
spectral, 349
spectral convolutional graph neural net-

works, 349, 354
spectral decomposition, 69, 349
spectral graph neural networks, 349
spectral graph theory, 349
spectral weights, 350
spiking neural network, 25
split strategy (80-20), 35
square loss, 40
SqueezeNet, 247
stacked recurrent neural network, 266
standard multivariate normal, 300
standard normal, 369
standardization of the data, 31
standardized samples, 31
state evolution, 255
state exploration, 335
state information, 330
state space, 331
static graph neural networks, 344
statistical learning, 2
statisticians, 6
statistics, 2, 7
steepest descent, 119
step, 181
step size, 119
Stirling’s approximation, 97
stochastic approximation, 336
stochastic gradient descent, 123, 164, 203
strictly convex, 116
stride, 220
stride of one, 221
strong Wolfe condition, 152
style transfer paradigm, 326, 327
style-GAN, 327, 354
supervised learning, 17, 28
support vector machines (SVM), 39, 72

swish, 182
symbolic di�erentiation, 135
synthesis network, 327
synthetic minority oversampling technique

(SMOTE), 38

tangent, 140
tanh, 181, 203
tasks, 5
tasks on edges, 343
tasks on graphs, 343
tasks on nodes, 343
Taylor polynomial, 364
Taylor’s theorem, 364
teacher forcing, 265
temporal di�erence learning, 337
tensor processing units, 15
TensorFlow, 4, 25, 164, 203
termination condition, 48, 119, 134, 159
test set, 18, 30
testing data, 30
text in reverse order, 273
text to image, 271, 353
threshold, 170
Tikhonov regularization, 59, 73
time delay neural network, 247
time homogenous, 330
time horizon, 252
time invariance, 210
time-series, 294
Toeplitz matrix, 212, 247
tokenizers, 250
tokens, 250
train set, 18
train-validate split, 60
train-validate-test split, 61
trainable convolutions, 10
training, 2
training data, 30
training loss, 126
training set, 30, 60
training time, 57
transductive learning, 343
transfer learning, 4, 29, 230
transformer architecture, 11, 355
transformer block, 280, 286
transformer decoder block, 290
transformer encoder-decoder architecture,

289
transformer models, 7, 248, 271, 294
transformers, 237, 250, 279
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translation invariance, 206, 345
triangle inequality, 358
triplet loss, 245
true negative (TN), 36
true positive (TP), 36
truncated backpropagation through time,

264
trust region methods, 155
tuple, 23
Turing test, 13, 25

unbiased, 123
unbiased estimator, 54
unconstrained, 114
uncropping, 353
undercomplete, 111
underfitting, 52, 58
undirected graph, 340
unfolded graph, 255
unit, 103, 167
unit (RNN), 252
univariate, 32
unseen data, 30, 52
unseen input data, 3
unsupervised learning, 28
update, 346
update gate, 270
update rule (quasi-Newton), 158
upsampling, 327

validation set, 30, 60
value function, 333
value iteration, 334
values, 281
vanishing, 204
vanishing gradient, 191
variational autoencoder, 11, 111, 298, 353
variational Bayes, 353
variational posterior, 302
VC dimension, 72
vector, 23
vector Jacobian product, 137, 364
vertex, 340
VGG model, 247
VGG16, 25
VGG19, 3, 25
VGGNet, 237
visual cortex, 13
volume convolution, 214

W-GAN, 354

Wasserstein distance, 321, 322
Wasserstein GAN, 321
weight based, 234
weight clipping, 325
weight decay, 201
weight initialization, 9, 173, 204
weight matrix, 169
weight vector, 39, 76
weighted Frobenius norm, 161
weighted graph, 341
Wisconsin breast cancer dataset, 35
word embedding, 250, 254, 294
word2vec, 254, 294
WordNet, 25

Xavier initialization, 192, 204
XGBoost, 72
XLNET, 295

YOLO, 247

ZFNet, 237

410


	Preface - DRAFT
	Introduction - DRAFT
	The Age of Deep Learning
	A Taste of Tasks and Architectures
	Key Ingredients of Deep Learning
	DATA, Data, data!
	Deep Learning as a Mathematical Engineering Discipline
	Notation and Mathematical Background
	Notes and References

	Principles of Machine Learning - DRAFT
	Key Activities of Machine Learning
	Supervised Learning
	Linear Models at Our Core
	Iterative Optimization Based Learning
	Generalization, Regularization, and Validation
	A Taste of Unsupervised Learning
	Notes and References

	Simple Neural Networks - DRAFT
	Logistic Regression in Statistics
	Logistic Regression as a Shallow Neural Network
	Multi-class Problems with Softmax
	Beyond Linear Decision Boundaries
	Shallow Autoencoders
	Notes and References

	Optimization Algorithms - DRAFT
	Formulation of Optimization
	Optimization in the Context of Deep Learning
	Adaptive Optimization with ADAM
	Automatic Differentiation
	Additional Techniques for First-Order Methods
	Concepts of Second-Order Methods
	Notes and References

	Feedforward Deep Networks - DRAFT
	The General Fully Connected Architecture
	The Expressive Power of Neural Networks
	Activation Function Alternatives
	The Backpropagation Algorithm
	Weight Initialization
	Batch Normalization
	Mitigating Overfitting with Dropout and Regularization
	Notes and References

	Convolutional Neural Networks - DRAFT
	Overview of Convolutional Neural Networks
	The Convolution Operation
	Building a Convolutional Layer
	Building a Convolutional Neural Network
	Inception, ResNets, and Other Landmark Architectures
	Beyond Classification
	Notes and References

	Sequence Models - DRAFT
	Overview of Models and Activities for Sequence Data
	Basic Recurrent Neural Networks
	Generalizations and Modifications to RNNs
	Encoders Decoders and the Attention Mechanism
	Transformers
	Notes and References

	Specialized Architectures and Paradigms - DRAFT
	Generative Modelling Principles
	Diffusion Models
	Generative Adversarial Networks
	Reinforcement Learning
	Graph Neural Networks
	Notes and References

	Epilogue - DRAFT
	Some Multivariable Calculus - DRAFT
	Vectors and Functions in Rn
	Derivatives
	The Multivariable Chain Rule
	Taylor's Theorem

	Cross Entropy and Other Expectations with Logarithms - DRAFT
	Divergences and Entropies
	Computations for Multivariate Normal Distributions

	Bibliography
	Index

