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1 Problem Definition

Let us assume that we have a supervised learning
setting and we are provided a set of N input-output
pairs D = {(x1,y1), ..., (xN ,yN )}. In this super-
vised setting, we are interested in finding the func-
tion f that provides the mapping from the input
space X to the output space Y:

f : X → Y. (1)

In deep learning, f is a parametric function with
parameters θ, and we are interested in finding θ:

y = f(x; θ). (2)

1.1 Empirical Risk Minimization

Finding θ in y = f(x; θ) is achieved by solving the
following optimization (Empirical Risk Minimiza-
tion) problem:

θ∗ ← argmin
θ

E [L(f(x; θ),y)] , (3)

where L(ŷ,y) is a loss function measuring the dis-
similarity of the prediction, ŷ = f(x; θ), with the
correct output y.
Alternatively, one could define and minimize

other objectives, such as Structural Risk Minimiza-
tion, Robust Risk Minimization, Invariant Risk
Minimization etc. to find θ. Structural Risk Min-
imization, which includes a penalty term over the
parameters, is especially relevant for deep learning:

θ∗ ← argmin
θ

E [L(f(x; θ),y)] +R(θ), (4)

where R(θ) is e.g.
∑

i θ
2
i .

2 Loss Functions

2.1 0-1 Loss

0-1 Loss measures the error of a deep model by
counting the number of instances where there is an

error:

L(X,Y) =
1

N

N∑
i=1

C∑
j=1

1(yij ̸= f(xi; θ)j), (5)

which, however, is not differentiable and therefore,
we use its approximations for regression and classi-
fication problems.

2.2 Loss Functions for Regression
Problems

For a regression problem, we can use e.g. mean
squared error (yi has C dimensions):

L(X,Y) =
1

N

N∑
i=1

C∑
j=1

(yij − f(xi; θ)j)
2, (6)

or mean absolute error:

L(X,Y) =
1

N

N∑
i=1

C∑
j=1

|yij − f(xi; θ)j |, (7)

which are special and widely-used forms of:

L(X,Y) =
1

N

N∑
i=1

C∑
j=1

|yij − f(xi; θ)j |q. (8)

2.3 Loss Functions for Classification
Problems

For a classification problem, we can e.g. use cross-
entropy loss (for single-label classification problem):

L(X,Y) =
1

N

N∑
i=1

− log p(yij |xi; θ), (9)

where yij is the correct class for xi, and p(yij |xi; θ)
can be easily obtained using the Softmax function:

p(yij |xi; θ) =
exp[f(xi; θ)j ]∑
k exp[f(xi; θ)k]

. (10)
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Another frequently used loss function for classifica-
tion problems is hinge loss (also called margin loss,
max-margin loss):

L(X,Y) =
1

N

N∑
i=1

C∑
j=1

max(0, fj − fyi
+∆), (11)

with fj = f(xi; θ)j , and ∆ is the to-be-satisfied mar-
gin between the score of the correct class yi and the
score of another class.

3 Gradient Descent and Other
Optimizers

3.1 True, Stochastic, Batch Gradient
Descent

True Gradient Descent (TGD) computes the gradi-
ent of the loss calculated over the whole data set
and updates the parameters:

g = ∇

(
1

N

N∑
i=1

L(f(xi; θ), yi) +R(θ)

)
,

θ ← θ − η · g,

(12)

where R is the regularization term, e.g. squared
L2 norm or L1 norm. The gradient indicates the
direction in which the loss is increased. Therefore, to
minimize the loss (the general case in deep learning),
the negative of the gradient is used. The learning
rate decides the “step size” in the negative gradient
direction.
Since TGD uses the whole data set for one update

of the parameters, the computation cost for one up-
date is high (increases linearly with the number of
data), and it can get stuck to a sub-optimal solution.
Stochastic Gradient Descent (SGD) computes the

gradient for each data point:

θ ← θ − η∇L(f(xi; θ), yi). (13)

This way, there are more frequent updates to param-
eters and the model can converge with less compu-
tation. However, updating the model this way, the
computed gradients become noisy and the training
becomes unstable. Therefore, with SGD, a small
learning rate is used.
Batch Gradient Descent (BGD) provides a bal-

ance between TGD and SGD and computes the gra-
dient over mini-batches of the data set to update the
parameters (k denotes the iteration):

θ ← θ − η∇ 1

|Bk|
∑
i∈Bk

L(f(xi; θ), yi), (14)

which combines the strengths of the above methods
with less computation for each update compared to
the true gradient descent and more stable updates
compared to the stochastic gradient descent.

3.2 Gradient Descent with Momen-
tum

Gradients and weight updates can be made more
robust by keeping a running average of the past
gradients and the current gradient, i.e. by adding
momentum:

vt = βvt−1 − ηgt,

θt+1 ← θt + vt.
(15)

Momentum speeds up convergence and decreases the
oscillations in the updates. The hyper-parameter
β ∈ [0, 1) adjusts the importance given to the pre-
vious gradients. With a value of 0, normal gradient
descent is obtained. Due to addition of the momen-
tum term βvt−1, the updates are not in the direction
of the steepest descent.

The Nesterov momentum corrects the direction
of updates by computing the gradient after the mo-
mentum term is added to the parameters:

gt = ∇
1

N

N∑
i=1

L(f(xi; θt−1 + βvt−1), yi),

vt = βvt−1 − ηgt,

θt+1 ← θt + vt.

(16)

3.3 Adaptive Optimizers

In most cases, the partial derivative of each param-
eter has different magnitude. Therefore using the
same learning rate for each parameter update can
be sub-optimal. This problem can be solved using
an adaptive learning rate method which uses the
accumulation of past gradients to scale the learning
rate. This way each parameter can have its own
learning rate.

RMSProp [] computes the running average of
squared gradients:

r← pr+ (1− p)g ⊙ g, (17)

where g is the gradient, r is the accumulated gra-
dient, p is a decay hyper-parameter similar to β in
momentum (Eq. ??) and ⊙ is element-wise multi-
plication. Then the parameters are updated as:

θ ← θ − η√
δ + r

⊙ g. (18)
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Adadelta [] does not need a global learning rate and
parameter updates have the same units as the pa-
rameters:

r← pr+ (1− p)g ⊙ g,

∆θ = −
√
δ + d√
δ + r

,

d← pd+ (1− p)∆θ ⊙∆θ,

θ ← θ +∆θ.

(19)

In Adadelta, different from the RMSProp, the de-
caying averages of parameter updates d is used in
the nominator for unit correction.

Adam [] estimates the moments of the gradient
and uses these estimates to compute adaptive learn-
ing rates for each parameter. The first moment up-
date:

m1 ← β1m1 + (1− β1)g, (20)

The second moment update:

m2 ← β2m2 + (1− β2)g ⊙ g. (21)

Adam combines the advantages of Momentum and
RMSProp algorithm and uses them in combination.
The first moment update is same as the Momen-
tum update, and the second moment update is the
same as RMSProp update. Due to zero initializa-
tion of the moments, they are biased towards zero
especially at the initial updates. To overcome this
issue, a correction step follows the update:

m̂1 ←
m1

1− βt
1

, m̂2 ←
m2

1− βt
2

, (22)

where the decay parameters β1, β2 are raised to
power t which is the time step parameter, increased
after every update. The parameters are updated as:

θ ← θ − η
m̂1√
m̂2 + δ

. (23)

In some tasks such as object detection, adaptive op-
timizers perform worse than SGD with momentum.
This is because adaptive optimizers such as Adam
fail to generalize as well as SGD with momentum.
To overcome this issue, AdamW algorithm [31] de-
couple the weight decay that used as regularization
(in most cases implemented as squared L2 norm)
and gradient update term. They argue that the
adaptive optimizers fail to better generalize due to
the adaptive learning rate. Normally, with regular-
ization, if a weight’s value is high, the gradient up-
date penalizes the weight to become smaller. How-
ever, in the same case, the adaptive optimizers will

make the learning rate smaller, breaking the regu-
larization effect. In most cases the gradient is com-
puted as:

g = ∇( 1
N

N∑
i=1

L(f(xi; θ), yi) + ∥θ∥22).

AdamW [] decouples this computation:

g = ∇ 1

N

N∑
i=1

L(f(xi; θ), yi),

θ ← θ − η(
m̂1√
m̂2 + δ

+ λθ),

(24)

where m̂1, m̂2 are the same bias-corrected moments
from Adam algorithm. With decoupling, the weight
decay is not affected by the adaptive learning rates,
resulting in better generalization.

4 Linear Classification and Re-
gression

In linear classification and regression, our function
f(·; θ) is a simple linear function (for one output
variable):

f(xi; θ)j =

D∑
k=1

wjkxik + bj = wj · xi + bj , (25)

where D is the dimensionality of x·.

4.1 Interpretation

In a linear classifier or regressor, the function f :
X → Y is actually a linear combination of its input.
This implies that:

• The decision boundary between a class and
other classes can only be a line (hyper-plane).
If the classes are not linearly separable, a lin-
ear classifier will fall short in providing a good
classification performance (under-fitting).

• As wj · xi is maximized when wj ∼ xi, wj

should be a prototype (template) of the samples
of class j to be able to provide highest scores
for its samples.

• For a regression problem, a linear model im-
plies that we are trying to fit a line (hyper-
plane) through the data points in the training
set. If the data is not distributed linearly, then
the regression performance will be poor (under-
fitting).
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5 Non-linearity, Activation
Functions

5.1 Squashing Activation Functions

Sigmoid is the oldest and was the most frequently
used activation function:

σ(x) =
1

1 + exp(−x)
, (26)

which has the benefit of having a simple derivative:

σ′(x) = σ(x)(1− σ(x)). (27)

Hyperbolic tangent (tanh) is a version of sigmoid
that’s symmetrical around 0 vertically:

tanh(x) =
exp(x)− exp(−x)
exp(x) + exp(−x)

= 2σ(2x)− 1, (28)

with a simple derivative like the sigmoid:

tanh′(x) = 1− tanh(x)2. (29)

Sigmoid and tanh have the benefit of squashing
(−∞,∞) into a small range. However, their val-
ues saturate very quickly as |x| → ∞, which leads
to a very small gradient to properly train a deep
network (a.k.a. the vanishing gradient problem).

5.2 ReLU and its Variants

Rectified Linear Unit (ReLU) [33] is a simple thresh-
olding operation on x:

relu(x) = max(0, x), (30)

which is fast to compute both during forward pass
and backward pass. Its lack of saturation and van-
ishing gradient problems yields significant boosts in
training deep networks, both in terms of training
speed and generalization performance. Although its
form may appear arbitrary, there are biological [15]
and theoretical motivations (it is an approximation
to the average of infinitely many sigmoids):

relu(x) ∼ log(1+exp(x)) =

∞∑
n=1

σ(x+0.5−n). (31)

Despite its benefits, a ReLU unit may “die”: For
x < 0, it provides zero output during forward pass
and makes the backward pass through that neuron
effectively useless. Although this can be handled by
keeping the learning rate small, its extensions have
been proposed over the years. For example, Leaky
ReLU [32]:

relu(x) = max(α, x), (32)

which yields a non-zero small value, α, (a hyper-
parameter) if x < 0. Parametric ReLU [18] that
treats α as a learnable parameter. Moreover, a
whole linear model can be employed for both sides
of the max function (a.k.a. maxout [17]):

max(w1 · x+ b1,w2 · x+ b2), (33)

which has the disadvantage of doubling the number
of parameters.

5.3 Newer Activation Functions

Softplus:

softplus(x) = ln(1 + exp(x)), (34)

softplus′(x) = σ(x). (35)

Swish [38]:
swish(x) = xσ(x). (36)

Exponential linear unit [4]:

elu(x) =

{
x, x ≥ 0

α(exp(x)− 1), x < 0
(37)

6 Multi-layer Perceptrons
(MLPs)

6.1 Forward Pass

In MLPs, different from the Linear Classifica-
tion/Regression functions, multiple layers of lin-
ear functions followed by non-linearity functions are
used to process the data. This way the MLPs can
learn to approximate complex functions. For exam-
ple a 2-layer MLP (1 hidden layer, 1 output layer):

hij = σ(wh
j · xi + bj) = σ(nethij),

ŷic = σ(wo
c · hi + bj) = σ(netoij),

(38)

where hij is the j-th neuron in the hidden layer for
the i-th input, ŷic is the c-th output neuron for the
i-th input and σ is the sigmoid non-linearity. In
forward pass with the processing of the input some
intermediate values that will be used in backward
pass is stored.

6.2 Backward Pass: Backpropaga-
tion

To update the parameters of MLPs, the most ef-
ficient way of computing the gradients of each pa-
rameter is Backpropagation. In Backpropagation,
gradients are computed layer by layer in the reverse
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order using the chain rule. For forward pass (Eq.
38) with one sample, Backpropagation is computed
as:

Li(θ) =
1

2

∑
c∈C

(ŷic − yic)
2,

δoic =
∂Li

∂netoic
=

∂Li

∂yic

∂yic
∂netoic

,

= (ŷic − yic)ŷic(1− ŷic),

δoij =
∂Li

∂nethij
=

∂Li

∂hij

∂hij

∂nethij
,

=

(∑
c∈C

∂Li

∂netoic

∂netoic
∂hij

)
hij(1− hij),

=

(∑
c∈C

δoicwcj

)
hij(1− hij).

(39)

Then the parameters are updated as:

wo
ck = wo

ck − ηδoichik,

wh
jk = wh

ck − ηδhijxik,

where wo
ck is the parameter connecting k-th hidden

neuron to c-th output neuron and wh
jk is the param-

eter connecting k-th input neuron to j-th hidden
neuron.

6.3 Limitations of MLPs

Although MLPs have a vast capacity to approximate
any function with some error [6, 19], they can be
hard to train and it can be extremely difficult (if
not impossible) to converge to practical solutions.
The reasons are:

1. Curse of dimensionality: In machine learn-
ing, the number of samples required for obtain-
ing small error increases exponentially with the
dimensionality of the input. This is a significant
limitation for the use of –especially shallow–
MLPs on large inputs, e.g. high-resolution im-
ages [36].

2. Equivariance and Invariance: A function is
equivariant if f(g(x)) = g(f(x)); i.e. applying
function f() on a transformation of x, i.e. g(x),
is equivalent to applying the transformation on
f() on original input, x. For example, an im-
age segmentation network should be equivari-
ant and for a spatially translated x by δ, the
segmentation map should be translated by the
same amount.

An invariant function is, on the other hand,
provides the same output even when the in-
put is transformed: f(g(x)) = f(x). An object

recognition network should have such invari-
ance: When we translate the image by δ pixels,
the recognized objects should not change.

MLPs, unfortunately, are difficult to train to
obtain equivariance or invariance.

3. Images are vectorized when using MLPs, and
vectorization breaks continuity of patterns,
making it difficult and requiring more data to
associate information belong to e.g. objects
while training MLPs.

7 Overfitting, Memorization

7.1 Bias-Variance Dilemma

The bias-variance tradeoff is a fundamental concept
in machine learning that describes the tension be-
tween the model’s ability to fit the training data
(low bias) and its ability to generalize to new, un-
seen data (low variance). A model with high bias
will underfit the training data, while a model with
high variance will overfit the training data. The
goal is to find the right balance between bias and
variance to achieve good generalization performance
[13]. The bias-variance tradeoff can be formally de-
fined as follows:

ϵ = µ2 + σ + ϵ̄, (40)

where µ is bias, σ is variance, ϵ is error, and ϵ̄ is
irreducible error. The error is the expected squared
difference between the predicted and true values, the
bias is the expected difference between the model’s
predictions and the true values, the variance is the
expected squared deviation of the model’s predic-
tions from their expected value, and the irreducible
error is the inherent noise in the data. To reduce
bias, we can use a more complex model or increase
the number of training samples. To reduce variance,
we can use a simpler model or increase the regular-
ization.

7.2 Regularization

Regularization is a common technique used to pre-
vent overfitting in deep learning models. It involves
adding a penalty term to the loss function that en-
courages the model weights to be small. Two pop-
ular regularization techniques are L1 and L2 regu-
larization. L1 regularization adds a penalty term
proportional to the absolute value of the weights,
while L2 regularization adds a penalty term propor-
tional to the square of the weights. The L1 and L2
regularization can be expressed mathematically as:
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L1 := Ldata + λ
∑
i

|wi|, (41)

L2 := Ldata +
λ

2

∑
i

w2
i , (42)

where λ is a hyperparameter that controls the
strength of the regularization. L1 regularization is
useful when we want to promote sparse solutions,
while L2 regularization is useful when we want to
reduce the magnitude of the weights [34].

7.3 Dropout and its Variants

Dropout is a regularization technique that helps
to prevent overfitting in deep neural networks by
randomly dropping out (i.e., setting to zero) some
of the neurons during training. This forces the
network to learn more robust and diverse features
and prevents co-adaptation of neurons to each
other. The dropout probability is typically set
between 0.2 and 0.5 and is applied to each neuron
independently with a different random mask for
each training sample. Dropout has been shown
to be effective in improving the generalization
performance of deep neural networks and is widely
used in many applications [43, 47].

Several variants of dropout have been proposed to
enhance its performance further. For example, the
DropConnect method extends dropout by randomly
dropping out connections between neurons instead
of entire neurons, which can be seen as a more gen-
eral form of dropout. Another variant is the Shake-
Drop regularization, which applies random transfor-
mations to the dropout masks and has been shown
to improve the regularization effect. In addition, the
Gaussian Dropout method applies Gaussian noise
to the activations of the neurons instead of setting
them to zero, which can provide smoother regular-
ization and better training stability. Other vari-
ants of dropout include SpatialDropout, which ap-
plies dropout to entire feature maps in convolutional
neural networks, and DropBlock, which drops out
contiguous regions of activations to improve the ro-
bustness of the network. These variants have shown
promising results in various tasks and can be used
to complement the standard dropout regularization
technique [49, 1].

7.4 Data Augmentation

Data augmentation is a popular technique used
in deep learning to increase the size of a training
dataset by artificially generating new data from

existing data. This is done to help prevent over-
fitting and improve the generalization of a model.
Common data augmentation techniques include
flipping, rotation, scaling, and shifting of the
images. Other techniques such as color jittering,
adding noise, and cutout have also been used.
These techniques can be applied to different types
of data including images, audio, and text. For
example, in image classification tasks, flipping and
rotation can be used to generate new images from
the original ones by randomly flipping and rotating
them. The new images can be added to the training
dataset, increasing its size and diversity [39].

Mathematically, data augmentation can be repre-
sented as a function f that maps an input sample x
to an augmented sample x’. The function f can be
defined using different transformations T applied to
the input x. For example, for image data, T could
be a combination of flipping, rotating, and scaling
operations. The function f can then be defined
as f(x) = T(x) + e, where e is a noise term. The
noise term is added to the augmented sample to
introduce some randomness and variability to the
generated data [29].

Data augmentation has been shown to be an
effective technique for improving the performance
of deep learning models, particularly in situations
where the amount of training data is limited. How-
ever, care should be taken when applying data aug-
mentation, as some transformations may not be
appropriate for certain types of data. For exam-
ple, flipping or rotating a medical image may lead
to incorrect diagnoses. Therefore, domain-specific
knowledge should be taken into account when select-
ing the appropriate data augmentation techniques
[5].

8 Misc Details

8.1 Preprocessing

Generally, subtraction from mean (µj =
∑

k xkj) to
zero-center the data:

xij ← xij − µj , (43)

and normalization with standard deviation (σj =√∑
k(xkj − µj)2/N) are helpful:

xij ←
xij − µj

σj
. (44)

6



8.2 Initialization

Initializing the weights is critical as, otherwise, vari-
ances of the activations and gradients across layers
change, which affect the training performance [14]:

V ar

[
n∑

i=1

wixi

]
= nV ar[w]V ar[x]. (45)

Sampling wi ∼ U
[
−1√
n
, 1√

n

]
(to get rid of n in the

variance) is not sufficient since this would lead to
nV ar[w] = 1/3, a constant scaling factor across lay-
ers (because variance of U [−r, r] is r2/3). To com-
pensate that, we can have either of the following
(a.k.a. Xavier initialization [14]):

wi ∼ U

[
−
√
3√
n

,

√
3√
n

]
, (46)

wi ∼ N(0, 1/
√
n). (47)

which need to be slightly adjusted if the number of
inputs and outputs for a layer are different [14].

8.3 Normalization

In batch normalization [23], the activation of a neu-
ron a is zero-centered and normalized over a batch
B of m examples:

µB ← 1

m

m∑
i=1

ai, (48)

σ2
B ← 1

m

m∑
i=1

(ai − µB)
2, (49)

ai ←
ai − µB√
σ2
B + ϵ

, (50)

ai ← γai + β, (51)

where γ and β are learnable scaling and shifting pa-
rameters. Alternatively, normalization can be per-
formed over all channels for a single input (layer
norm), a single channel of a single instance (instance
norm) or across a subset of channels (group norm).

8.4 Learning Rate

The learning rate determines the step size that
the optimizer takes at each iteration to update
the model parameters. Choosing an appropriate
learning rate is crucial because if the learning rate
is too small, the optimization process may converge
too slowly, while if it is too large, the optimization
process may fail to converge or even diverge. The
learning rate can be set manually or adaptively

during the training process. Some popular adaptive
learning rate methods include AdaGrad, Adam,
RMSProp, and Adadelta.

One approach to choosing an appropriate learn-
ing rate is to use a learning rate schedule, which
decreases the learning rate over time. A common
schedule is to decrease the learning rate by a
factor of 10 after a fixed number of epochs or
when the validation loss stops improving. Another
approach is to use a learning rate range test, which
involves gradually increasing the learning rate until
the loss starts to increase sharply. The optimal
learning rate is then chosen as the midpoint of
the range where the loss is still decreasing. The
cyclical learning rate policy is another technique
that involves cyclically increasing and decreasing
the learning rate to explore different regions of the
optimization landscape[41, 42, 40].

There are several strategies for learning rate se-
lection in deep learning:

• Manual Selection: Manually setting the
learning rate is a common strategy. However,
it is a time-consuming and tedious task, as the
learning rate has a significant impact on the
training process.

• Learning Rate Schedules: In this strategy,
the learning rate is gradually decreased during
the training process. Some common learning
rate schedules are step decay, exponential de-
cay, and polynomial decay. The learning rate
schedule can be based on the number of epochs
or the validation loss.

• Adaptive Learning Rate Methods: These
methods adapt the learning rate during train-
ing, based on the performance of the model.
Some popular adaptive learning rate methods
are AdaGrad, Adam, and RMSprop.

• Learning Rate Range Test: This strategy
involves running the model on a small range of
learning rates to identify the optimal range for
the learning rate. The learning rate is then set
to the middle of this range.

• Cyclic Learning Rates: In this strategy, the
learning rate is cycled between a minimum and
maximum value during training. This can help
the model converge faster and achieve better
results.

These strategies can help in selecting an appro-
priate learning rate for the model and prevent issues
like slow convergence or overfitting.
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9 Evaluation and Model Selec-
tion

9.1 Evaluation measures

When evaluating the performance of a deep learn-
ing model, various measures can be used to assess
its accuracy and effectiveness. These include met-
rics such as accuracy, precision, recall, F1 score, and
ROC curve analysis. Each metric provides a differ-
ent perspective on the model’s performance and can
be useful in different scenarios.
Accuracy is the proportion of correctly classified

instances out of all instances and is given by:

Accuracy =
TP + TN

TP+ TN+ FP + FN
(52)

Precision measures the proportion of true posi-
tive predictions out of all positive predictions and is
given by:

Precision =
TP

TP + FP
(53)

Recall measures the proportion of true positive
predictions out of all actual positive instances and
is given by:

Recall =
TP

TP + FN
(54)

F1 score is the harmonic mean of precision and
recall and is given by:

F1 Score = 2 · Precision · Recall
Precision + Recall

(55)

ROC curve analysis plots the true positive rate
(TPR) against the false positive rate (FPR) for dif-
ferent classification thresholds and is given by:

TPR =
TP

TP + FN
and FPR =

FP

FP + TN
(56)

9.2 Model Selection

Model selection involves selecting the best architec-
ture and hyperparameters for a specific deep learn-
ing task. There are various approaches to model
selection, each with its advantages and disadvan-
tages. Some of the most commonly used methods
include manual search, grid search, random search,
and Bayesian optimization.

• Manual search involves manually selecting
different model architectures and hyperparam-
eters and evaluating them on a validation set.
One simple example of a hyperparameter is the
learning rate, which controls the size of the step

taken during gradient descent. Another exam-
ple is the number of hidden layers in a neural
network. The researcher starts with a simple
model and then gradually adds complexity un-
til the desired level of performance is achieved.

• Grid search involves systematically searching
a pre-defined set of hyperparameters to find the
optimal combination. The pre-defined set is
usually specified as a range of values for each
hyperparameter. For example, the range of
learning rates might be [0.001, 0.01, 0.1]. The
grid search algorithm then evaluates the perfor-
mance of each combination of hyperparameters
and selects the one that performs the best.

• Random search involves randomly sampling
hyperparameters from a pre-defined hyperpa-
rameter space. For example, the learning rate
might be sampled from a uniform distribution
over the range [0.001, 0.1]. The random search
algorithm then evaluates the performance of
each combination of hyperparameters and se-
lects the one that performs the best.

• Bayesian search is a more advanced ap-
proach that uses a probabilistic model to pre-
dict the performance of different hyperparame-
ters. Bayesian optimization starts with a prior
belief about the performance of different hyper-
parameters and then updates the belief based
on the observed performance of each combina-
tion of hyperparameters. The algorithm then
selects the hyperparameters that are expected
to perform the best based on the updated belief.

In conclusion, model selection is an essential step
in deep learning, and choosing the right approach
can significantly impact the performance of the
model. Different methods have different strengths
and weaknesses, and the choice of method should
depend on the specific problem being addressed and
the available resources. It is essential to carefully
evaluate and compare different models to ensure the
best possible performance.

Hold-out method, k-fold cross-validation, leave
one subject out.

10 Convolutional Neural Net-
works (CNNs)

10.1 Motivation for CNNs

The solution to the problems discussed in Section
6.3 takes inspiration from the findings reported by
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Hubel and Wiesel [22]: Neurons in visual cortex
are not fully-connected and have local connectiv-
ity in a local receptive field. The first neural ar-
chitecture to exploit this is the Neocognitron model
[12]. The Neocognitron model was later extended to
be trained with gradient descent and weight sharing
to be applied to to more challenging problems [28],
shaping the foundations of CNNs used nowadays.

CNNs can be trained with significantly less sam-
ples, addressing the curse of dimensionality problem
[10]. They are equivariant to translation, though
they do not provide any invariance to scaling or ro-
tation.

10.2 Layers in CNNs

CNNs are constructed by combining the following
operations:

• Convolution: Applies linear transformation
on a window of the input and repeats the oper-
ation by sliding the window:

a
(l+1)
i =

F∑
j=1

wj · a(l)i+j−1, (57)

which illustrated convolution for a 1D layer

with window size F . a
(l)
i+j−1 can have multiple

dimensions, which are called channels, and in
this case, the window needs to have dimension-
ality F ×C, where C is the number of channels.

• Pooling: Pooling layers are used to summa-
rize activations and reduce dimensionality in
a CNN. Although many alternatives exist, the
simple max-pooling strategy works very well for
a variety of problems:

a
(l+1)
i = max(a

(l)
i , ..., a

(l)
i+F−1). (58)

• Non-linearity: The non-linear functions dis-
cussed in Section 5 are used in CNNs as well.
ReLUs are very common.

• Normalization: The normalization opera-
tions discussed in Section 8.3 are very helpful
in CNNs.

• Dense layers: The last layers of CNNs are
generally fully-connected layers mapping the
activations of the last convolutional layers to
the outputs desired.

10.3 Misc Architectural Choices

Residual networks, inception networks, deformable
convolution, group convolution, separable convolu-
tion, ...

• Residual connections: Residual connections
[3, 20] allow for the addition of the input to
the output of one or more layers in a neural
network. This approach has been shown to im-
prove convergence rates, particularly for very
deep networks. One of the main advantages of
residual connections is that they enable the net-
work to learn the identity mapping, which helps
prevent the degradation of performance that
can occur as the network depth increases. How-
ever, residual connections can also introduce
additional computational overhead and may re-
quire careful tuning to achieve optimal perfor-
mance.

• Inception networks: Inception networks [46,
45] use multiple parallel branches of convolu-
tional filters with different receptive fields to
capture features at multiple scales. This ap-
proach has been shown to be effective in im-
age classification tasks, particularly when the
input images contain objects of different sizes.
One of the main advantages of Inception net-
works is that they enable the network to cap-
ture a wide range of features, from low-level
edges and textures to high-level semantic infor-
mation. However, Inception networks can be
computationally expensive, particularly when
used with large input images or very deep ar-
chitectures.

• Unshared convolution: Unshared convolu-
tion [16, 26, 53, 44] applies each filter to a spe-
cific region of the input, rather than sliding
the filter over the entire input. This approach
has been shown to be useful in tasks where the
spatial relationships between input features are
important, such as object detection or seman-
tic segmentation. One of the main advantages
of unshared convolution is that it allows the
network to capture fine-grained spatial infor-
mation without introducing excessive compu-
tational overhead. However, unshared convolu-
tion can also result in a larger number of param-
eters, which can make the network more diffi-
cult to train and require more computational
resources.

• Atrous (dilated) convolution: [27, 51, 52,
35] Atrous convolution increases the receptive
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field of each filter without adding extra param-
eters by inserting zeros in between the filter
weights. This approach has been shown to be
effective in image segmentation tasks, where a
larger receptive field can help capture more con-
textual information. One of the main advan-
tages of atrous convolution is that it can be
used to increase the field of view without in-
creasing the number of parameters or compu-
tational cost. However, using larger dilation
rates can lead to a loss of spatial resolution,
which can negatively affect performance.

• Transposed convolution: [11, 54, 37] Trans-
posed convolution, also known as fractionally-
strided convolution or deconvolution, allows for
the upsampling of feature maps. This approach
has been used in tasks such as image generation
and semantic segmentation. One of the main
advantages of transposed convolution is that it
enables the network to produce high-resolution
output from low-resolution input. However,
transposed convolution can be computationally
expensive and can introduce artifacts such as
checkerboard patterns.

• 3D convolution: 3D convolution extends the
concept of convolution to volumetric data, such
as video or medical imaging. This approach has
been shown to be effective in tasks such as ac-
tion recognition or brain image segmentation.
One of the main advantages of 3D convolution
is that it allows the network to capture spa-
tial and temporal information simultaneously.
However, 3D convolution can be computation-
ally expensive and requires larger amounts of
memory than 2D convolution.

• 1x1 convolution: [48, 24, 2] 1x1 convolution
applies a single filter to each pixel or feature
vector independently of its neighbors. This ap-
proach has been shown to be useful in reducing
the number of parameters and computational
cost, particularly in deep architectures. One of
the main advantages of 1x1 convolution is that
it can be used to perform feature dimension-
ality reduction or channel-wise mixing, which
can help capture more complex relationships
between features. However, 1x1 convolution
can also result in information loss, particularly
when used excessively.

• Separable convolution: [30, 46, 44] Separa-
ble convolution is a type of convolution that
breaks down the standard convolution opera-
tion into two simpler operations, namely depth-

wise convolution and point-wise convolution.
The depth-wise convolution is performed on
each channel of the input tensor independently,
while the point-wise convolution is applied to
mix the output channels. By doing so, separa-
ble convolution significantly reduces the num-
ber of parameters and computations required
compared to standard convolution, leading to
faster and more efficient models. However, sep-
arable convolution may not always yield the
best performance, especially for models with
limited depth or in scenarios where accuracy
is prioritized over speed.

• Group convolution: [25, 50, 21] Group con-
volution is a technique that partitions the input
and output channels of a convolutional layer
into multiple groups and performs convolution
separately for each group. This allows for paral-
lel processing of different parts of the input fea-
ture maps and enables more efficient computa-
tion on parallel hardware architectures. Addi-
tionally, group convolution can improve model
generalization by promoting diversity among
feature maps and reducing overfitting. How-
ever, choosing an appropriate group size can be
challenging and may require extensive experi-
mentation.

• Deformable convolution: [7, 56, 8] De-
formable convolution is a variant of standard
convolution that allows for dynamic sampling
of the input feature maps based on learned off-
sets. By incorporating offset information, de-
formable convolution can better capture spatial
structures and adapt to various object shapes
and deformations. This makes it particularly
useful for tasks such as object detection and
segmentation. However, deformable convolu-
tion requires more computations and parame-
ters than standard convolution, making it more
computationally expensive and prone to over-
fitting.

• Position-sensitive convolution: [7, 9, 55]
Position-sensitive convolution is a type of con-
volutional layer that utilizes position-sensitive
score maps to modulate the feature maps be-
fore and after the convolution operation. By do-
ing so, position-sensitive convolution can better
capture object structure and improve localiza-
tion accuracy, making it suitable for object de-
tection tasks. However, position-sensitive con-
volution can be computationally expensive and
may require large amounts of training data to
learn effective score maps.

10



11 Recurrent Neural Net-
works (RNNs)

There are problems that require working with se-
quential (e.g. text or videos) data. Sequential data
require summarizing and representing the history of
data, xt−T , ..., xt−1, and making predictions based
on this history and the current input xt.

11.1 Recurrence and unfolding

Sequential data can be addressed by a network that
captures the history (e.g. for a classification prob-
lem):

ht = H(ht−1, xt) = tanh(W xhxt +Whhht−1),(59)

yt = Y (ht) = softmax(Whyht), (60)

which form the basis of RNNs. The ability to story
history, i.e. having memory, enables RNNs to be
Turing complete; in other words, any problem that
can be solved with a Turing machine can be repre-
sented by an RNN.
In an RNN, we have recurrence in calculating ht,

which is not suitable for vanilla feed-forward and
back-ward pass in a deep network for learning with
gradient descent. This can be alleviated by unfold-
ing the recurrence relation for a fixed number of
steps, which converts the recurrent architecture into
a deep feed-forward network with weight-sharing
across different time steps.

11.2 Exploding or Vanishing Gradi-
ent Problem

Solution 1: Gradient clipping and penalty on gradi-
ent norm to prevent vanishing gradients.
Solution 2: Use an explicit memory mechanism

on which gradients don’t vanish.

11.3 RNN Variants

Long Short Term Memory (LSTM)

a = W xxt +Whht + b, (61)

ai, af , ao, ag ← a, (62)

i = σ(ai), f = σ(af ), (63)

o = σ(ao), g = tanh(ag), (64)

ct = f ⊙ ct−1 + i⊙ g, (65)

ht = o⊙ tanh(ct). (66)

Gated Recurrent Units (GRUs)
Machine translation as an example?
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