Hands-on Introduction to Deep Learning

Methodology




What work can be done to improve the data used for training?
How can a model be evaluated?
Is it possible to make the training more robust?

Can we benefit from an already trained model?

Bonus: Good practices

The chapter is divided in the following 5 sections :

On data processing: do we have a good representation of our data (one that is relevant and has a direct impact on
the result)? Do we have balanced data?

On model evaluation, particularly the choice of metrics: Which metrics are relevant, and how can we avoid falling
into the trap of the ‘target metric’'?

On training and methods to make it more robust
On model retraining, which avoids having to start training from scratch
And finally, some best practices to follow when working on deep learning projects
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@ \. Training & Generalization

IDRIS (CNRS) - Hands-on Introduction to Deep Learning - v.2.0

Learning is, first and foremost, a process of being guided to acquire knowledge and methods of generalisation. This
knowledge and these methods are then put to the test on real-world data that has never been seen before.

It is this ability to generalise to unknown data that determines the quality of a model. If a model appears to perform
well during training but fails when put to the test in real-world conditions, it means something has gone wrong.
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@ \. Generalization Lack Issue: One Pixel Attack

Here is an example of models that were initially considered robust (for their time) but which, in the end, proved
extremely easy to fool using a ‘One Pixel Attack’.

The true class is shown in black; the prediction in blue. (For ImageNet: true class + percentage given by the model)
Subjetcs :

4 models: AllConv, NiN (Network in Network), VGG16 and AlexNet.

2 datasets: CIFAR-10 (10 classes) & ImageNet (20k+ classes)
Method:

1 modified pixel in the image
The classifier's confidence in its incorrect answer (with the pixel) is the same as for the correct answer (without
the pixel)
Explanations:

During training, the model did not necessarily see examples with noise

Robustness to noise can therefore be acquired
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\. Deep Learning Pipeline Principle

Pipeline for training our deep learning models:
1) Data loading and preparation :

Data, which may consist of images, text, graphs or physical quantities are the result of observations, aggregations
or synthetisation. They usually go through a pre-processing step where experts (often computer-assisted) clean and
curate them. The training pipeline contains dataloading steps to mitigate biases and enventually apply
transformations to improve robustness.

Preparing data is a massive task and the most crucial. As the saying goes : « Garbage in, garbage out. »
2) Find a suitable model that takes our data as input and returns an output that corresponds to the solution

To summarize : The bulk of the model is here to find a representation of the data in what is called a latent space.
This representation can then be utilized for various tasks, be it segmentation, visualisation,...

Finding the model is probably the easiest task.

3) Establish a training method that influences the way the model learns from the data.

This is the other big task : The training method has hyperparameters you can play with which will influence the
training quality and efficiency.

We will see that all these elements play a part during training
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@ \. Data splitting

A reminder of the importance of splitting the data into three subsets: training / validation / test

training: to evaluate the loss, calculate the gradient and then update the network’s weights
validation: to tell us when to stop training in order to avoid overfitting

test: to evaluate the models’ performance and compare them once the model is done training.

If once the model has been evaluated on the test set you go back and tweak it then restard a training, the test set
has now been used for training and cannot be considered a truly reliable indicator.

If we have less data, we can do without the validation set.
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@ \. For a Better Generalization...

As previously mentioned, the ability to generalise, meaning to perform as well on new data as on training data, is
synonimous with training a robust neural network.

It's therefore paramount that we are able to measure the efficacy of our training and whether we have learned
enough to generalise. And two new questions arise :

— How can we make the training more robust with only the data we have ?
— What happens when the model encounters new data ?

Regularization is a set of techniques used to avoid overfitting and thus improve the model's performance on
unseen data. Regularization is often mandatory and thus an automatic inclusion in most deep learning pipelines.
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\. Underfitting and Overfitting

Lastly, we need to introduce the concepts of underfitting and overfitting.

Let’s take a simple example of a model trying to fit a polynomial on a set of sample points. The ground truth is a
degree 4 polynomial on which noised samples were taken.

We can easily see what happens when the degree of our model’s polynomial is off.

WiIth a lower degree the polynomial cannot correctly map the data : this is underfitting. The performance is poor on
both the training set and the testing set.

With too high of a degree, the polynomial matches the data too closely, and ends up matching the noise of our data
rather than its general tendency. It will perform very well on the training set but poorely on the validation set.

We'll see that a neural network can be subject to both underfitting and overfitting, although it is more complex
than simply changing an polynomial’s degree. This is were regularization comes into play.

With a simple, real-world example, it would be like training a model to classify apples versus other fruits. Because of
bad luck/bad rigor, our dataset is composed in majority of apples of the golden variety. Thus, our model, instead of
learning the general characteristics of an apple, will learn « yellow = apple » and classify a banana as an apple and
ared apple as « not an apple ».



What work can be done to improve the data used for training?

How can a model be evaluated?
Is it possible to make the training more robust?

Can we benefit from an already trained model?

Bonus: Good practices

10

The first section will tackle the data processing : how it influences our model’s final capabilities. We will see how to
balance the dataset and ensure it gives us the best performances.
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@ \. Model development
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MLOps or ML Ops is a paradigm that aims to deploy and maintain machine learning models in production reliably
and efficiently. About 50 to 80% of the time is spent on data collecting, curating and cleaning. It cannot be ignored.
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@ \. Features selection

Working with your data means, first and foremost, understanding how to feed it to your network.
For example, not all information is necessarily relevant, and some may even be detrimental to training.
So the simplest way to get round this is to remove any unnecessary or harmful features.
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@ \. Features selection

This removal of features is called « Features selection ». It doesn’t remove samples from the dataset, but part of
the information of each sample, keeping only the relevant ones.
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@ \. Feature transformation
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When every features is useful, but not evey information conveyed by them is, Feature Transformation is used to
extract only necessary information from base features. One example of this is going from an RGB picture to
greyscale when we only want to look at the brightness.

While it can sound similar to Features Selection, this technique is about extracting information, not substracting it.
For example, Feature Selection on an RGB dataset would be removing the Red and Blue components, while
Feature Transformation aggregates them into a new measurement.
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@ \. Feature transformation - Example
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New example of feature transformation: changing coordinate systems — for example going from Cartesian to polar,
where the coordinates are described with r, the distance from centre, and theta, the angle.

Here, it is very difficult to identify the centre points using X and Y coordinates, whereas simply setting a threshold on
r is enough to distinguish them.
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@ \. Feature transformation - Example

Another example that was seen in a Practical : squaring our x and y features. Now we can get better predictions
with a network that is 3 times smaller.
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\. Features extraction

17

Finally, there is a third method which involves reducing the complexity of our data by transforming it into a smaller
set of features — one that is therefore more compact but still distinguishing : Feature Extraction.

For example, by applying what is known as Principal Component Analysis to carry out dimensionality reduction and
create new features that have no real physical counterpart, but still meaning.

Again, this technique looks and sounds similar to feature selection, but while the latter creates a subset of existing
features, Feature Extraction creates a new set of features in a space of fewer dimensions. This is the concept
behind Embedding : A 256x256 grayscale image has more than 65k dimensions, whereas its embedding in a latent
space could be as low as 800, more meaningful dimensions.

In the embedding example above, we want to discriminate between traffic signs, but sometimes we may encounter
a stop sign in a different language. Embedding allows us to find a representation space where all stop signs are
close to each-other : Not all stop sign have « stop » written on them, but all of them are red and octagonal.
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@ \. Features extraction

To sum up, Features Extractions results in fewer features — features that aren’t necessarily physically
interpretable, but which are more discriminating
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@ \. Features engineering - takeaway
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The following problem is not related to our features but is intrinsic to the distribution of the dataset: the balance
between classes.

For example, when we have data labelled 1 and O (binary classification), it may happen that the positive class is far
less numerous than the negative class.

The issues this raises are easy to see (as we’'ll see later: very high accuracy but very low precision); in any case,
this will limit the robustness of the neural network if it does not see enough positive examples to learn to generalise.
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@ \. Balance the classes

Two types of class balancing :
— Undersampling (easyto execute but must be done properly): Sample a subset of the majority class.
— Oversampling (harder to execute properly): Expand the minority class by creating samples.

22
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@ \. Under sampling

23

Subsampling techniques;
1) The ‘dumb’ method (there’s always a ‘dumb’ method) ==> Random subsampling

2) Stratified sampling (a more advanced method): the data is divided into homogeneous sub-populations (strata)
and then random samples are drawn from within these sub-populations. This ensures that each data stratum is
represented (where possible, the ratio of sizes between the strata is maintained)

3) Cluster sampling (a dsecond advanced method) : Create mutually homogeneous but internally heterogeneous

clusters, then draw random clusters. This is less costly than stratified sampling, as you sample on clusters rather
than individual data points.
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\. Over-Sampling/Data augmentation
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Oversampling is more complicated, as it is difficult to generate new data: if we had more, we would use more. There
are, however, a few techniques:

1) SMOT (Synthetic Minority Oversampling Technique) ==> By interpolating between two points in the minority
class, a new point in that class is created.

2) Data augmentation: New data is created by slightly modifying existing data. This also has the advantage of
making the model more robust in the face of noise.



G What work can be done to improve the data used for training?
9 How can a model be evaluated?
e Is it possible to make the training more robust?

e Can we benefit from an already trained model?

6 Bonus: Good practices

The second section will focus on model evaluation, particularly the choice of metrics: Which metrics are relevant,
and how can we avoid falling into the trap of the ‘target metric'?
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\. Bias variance trade-off

To do this, let's go back to our under and over-fitted polynomials in order to introduce the concept of biars-variance
tradeoff.
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As previously stated, when training a model, it is important not to go too far, whilst still doing enough to ensure it is
relevant. In other words, our model must not be biased, but nor must it be too sensitive to the variance in our data.

And underfitted model is not sensitive enough and its results do not correlate with the data: this model is too
biased.

Conversely, an overfitted model risks being influenced by noise in the training data. In other words, it is too
sensitive to variance.
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@ \. Noise or bias ?

In your opinion, which diagram represents a model dominated by bias, and which represents a model dominated by
variance?



Bias

@ \. Noise or bias ?

Noise
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@ \. Noise or bias ?

In both cases, the model’s performance is poor.
The first one has a very regular aim, but doesn’t aim at the right spot.
The second one is very poor at aiming but the noise is centered around the bullseye.

29
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\. Metrics

Now that we've seen that: How do we measure our model’s performance? By using metrics, which analyse our
model’s outputs to assign it a score.

30

There are a multitude of metrics, which are suited for different tasks (regressionvs classification) and different cases

(binary classification). Because there isn't a single perfect metric, we will often use a combination of several metrics
to accurately measure our model’s capabilities.

So how does a metric this differ from a loss function?
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\. Metrics
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The loss function is differentiable; it must be so in order to perform backward propagation.

The loss function is used solely during training, whereas a metric is used to evaluate the model at any given
moment.

This is because the loss function has no real physical meaning: it serves to inform the network of the accuracy of its
responses.

The amount of data used by each is different. The loss function can be calculated using just a handful of data points
(in an extreme case: a single data point), whilst a metric requires a large volume of data to be representative and
meaningful.
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\. Metrics - Bad Choice
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As with everything, there are good metrics and bad metrics:

The most obvious metric for classification tasks is accuracy: we measure how many of our model’s predictions are
correct.

But in the case of imbalanced classes (for example, a disease affecting 1 per cent of the population), a poorly
trained network which always gives the same answer may still have good accuracy.

This problem cannot be solved by increasing the amount of data, as we want to evaluate the model using real data.
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\. Metrics - Precision/Recall

It is therefore necessary to use several metrics to measure performance. Here, we can introduce two:

Precision = How many of our positive predictions are *actually* positive data points
Recall = How many of the *actually* positive data points were predicted as positive

These metrics are computed based on values found in what is called a « confusion matrix »

W
W
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@ \. Metrics - Precision/Recall TP+FN

So, whilst accuracy suggests our model as performing, precision and recall reveal its actual performance.

34
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\. Metrics - ROC curve
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Let's now talk about an aggregated metric for binary classifiers.

Let's say we have a model that must classify points between two categories : 0 and 1. The output of our model is
therefore a number between 0 and 1 and we must choose a threshold above which a value is considered as 1, and
0 otherwise.

It is most likely that we can never get a perfect classifier and some points will be misclassified. How, then, can we
find the threshold which offers the best compromise.
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@ \. Metrics - ROC curve

This aggregated metric is known as the ROC curve (Receiver Operating Characteristic).

It involves measuring the True Positive Rate (TPR) — which is effectively the recall — and the False Positive Rate
(FPR) based on the acceptance threshold for the positive class.

Those two metrics indicate how many of our data points have been correctly classified.

A perfect classifier would have a TPR of 1 and an FPR of 0.

We can see that the better our classifier is, the closer the area under the ROC curve will be to 1. It is this area we
can use as metric. (But it is not necessarily the best one, as the ROC curve is used to measure a trade-off.)
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\. Metrics - Language models evaluation

Let's now look at a metric specific to language models: perplexity:

For each word or part of a word in a text, we measure the probability that our model assigns to that part.
Aggregating these probabilities gives us a score that measures how surprised our model is to see this text.

38

The lower the perplexity, the more our model’s predictions align with reality.



https://huggingface.co/spaces/HuggingFaceH4/open lim leaderboard

A\ Perplexity is not All you Need !!

T Model Average B3 v ARC HellaSwag MMLU TruthfulQA Winogrande GSMBK Architecture #Params (B)
mozreh/MoMo-70B-10ra-1.8.6 77.29 70.14  86.03 77.4 69 84.37 76.8 LlamaForCausallM 72.29
moxeh/MoMo- -1.8 76.23 69.62  85.35 77.33 64.64 84.14 76.27 LlamaForCausallM 72.29
Tom6xc 75.91 73.55 88.84 64.68 69.6 88.16 70.66 MixtralForCausallM 12.88
Weyax: 75.48 69.71  85.28 77.33 63.91 84.37 72.25 MixtralForCausallM 113.66

6-v1 % 75.41 73.55  85.93 76.45 73.55 82.95 60.05 LlamaForCausallM 34.39
75.39 69.71  85.18 77.25 63.82 84.14 72.25 MixtralForCausallM 87.24
75.1 69.8  85.26 77.24 64.82 84.77 68.69 MixtralForCausallM 60.81

o 74.69 71.93  85.25 76.58 70.05 83.35 60.96 LlamaForCausallM 34.39
jondurbin, 74.69 72.44 85.64 76.41 72.7 82.48 58.45 LlamaForCausallM 34.39
moxeh/MoM LORA-V1.4 & 74.67 69.2  85.07 77.12 62.66 83.74 70.2 LlamaForCausallM 72.29
udkai/Turdus 74.66 73.38  88.56 64.52 67.11 86.66 67.7 MistralForCausallM 7.24

Be sure to look at Language models evaluation benchmarks which suite your needs.

The evaluation is complicated, there are many different tasks
It can depends on the targeted application
It is hard to be fair/objective without knowing the training data

Metrics - Language models evaluation
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But perplexity is not the be-all and end-all of language models. Whilst it allows us to assess whether our model
speaks a language well (which is, after all, what we ask of it in the first place), it does not measure other aspects of
the model’'s performance (such as its ability to solve puzzles, tackle maths problems or tell jokes, for example).
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@ \. Metrics - Intersection over Union

Intersection over Union, or loU, is a metric used for image segmentation task. It measures how much of our model’s
predicted zone is truly the zone of interest in our image.
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@ \. Metrics - Intersection over Union

If we were to simply measure how much of the truth our model predicted, models would be encouraged to take as
wide a zone as possible to be sure to encapsulate the points of interest.
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@ \. Metrics - Intersection over Union

loU solves that by rewarding the Intersection of prediction and truth, and penalizing the Union of prediction and
truth. Its is a value between 0 and 1 equal to the ratio of the Intersection over the Union.

If the model misses the points of interest, the intersection is null and so is loU.
If the model takes too large of a zone, the union is too large and loU is close to zero.
Only when the model’s predictions closesly matches the truth is the loU close to 1.
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What work can be done to improve the data used for training?

How can a model be evaluated?

Is it possible to make the training more robust?

Can we benefit from an already trained model?

Bonus: Good practices
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This third section will focus on techniques to render the training algorithm more robust, and mainly regularization
techniques.
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@ \. Training a neural network |
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What does a gradient descent run look like?

The image shown above is called a ‘loss landscape’. It is a representation of the loss value as a function of the
model’s weights, or at least a projection of the model’s weights.

It is important to note that this landscape is, in reality, ‘inaccessible’. During training, we can only evaluate the loss
based on the network’s current state and obtain information about the neighbourhood of that state by calculating the
gradient. This gradient will indicate, locally, the direction in which we should move to reduce this loss.

What the loss landscape illustrate in a very visual way, though, is a « physical » analogy to gradient descent : it is
analogous to litteraly sliding down a slope at a given speed.

Ideally, we would like to reach the global minimum of this function, but there is no guarantee of this; instead, we
hope to reach a good local minimum.

The loss ladnscape can be retrieved through costly calculation as some papers have done. The website
https://losslandscape.com/ contains useful rsources to understand the loss landscape and gradient descent.
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loss

So, what happens during a ‘failed’ training session?

In an ideal world, we would expect a model to produce similar results on the training and validation sets at every
stage of training. In practice, this is not the case, and it is precisely this difference in performance that measures the
network’s ability to generalize.

Convergence might not be 1-to-1 between the training and validation sets,, and while a model might sometimes just
be slow to converge (which is an issue cost-wise), it can also become trapped in a local, unsuitable minima and stop
learning all-together.
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\. Model architecture and overfitting
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Overfitting will be characterized by the validation accuracy collapsing after a certain point. Up to that threshold, the
model was still able to generalize, but trainign further will only make the model learn the training set « by heart », so
to say.

Often, overfitting will be caused by a model that is too complex. It was shown that if a model has too many
parameters relative to the number of training sample, it will be prone to overfitting.

There are intuitive ways to there are intuitive ways to scale the architecture by considering the depth and width of
the network; this yields good results. If we want to refine the architecture, we can use NAS (Network Architecture
Search), which is costly.
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@ \. Basic way : Early stopping
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A common practice to avoid overfitting is to use early stopping. Either we detect when the validation loss starts

diverging, or we save the current best model at each epoch, and at the end of training use that checkpointed model
as our final one.

We will now look at other regularization methods.
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@ \. Regularization - Loss function and weight update
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This is the standard weight update algorithm for the Stochastic Gradient Descend.

Notice the first of what we call « hyperparameters » of the training : the learning rate (represented by the greek letter
Eta or Alpha). Its role is to set the speed at which we update gradient weights at each iteration.
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@ \. Hyperparameters and training
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Side tangent : What are hyperparameters ?
They are values that are set before training begins and which influence the training process, and are distinct from
the model's parameters (aka its weights).

Because their value influence the training (cf the Learning Rate), finding the correct values is a task of its own. This
is the engineering side of machine learning, where we’ll need to try to identify the hyperparameters’ impact on the
robustness of the training process.

There can sometimes be benefits to choosing hyperparameters that make the training less robust but subsequently
lead to better generalisation results.
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We'll talk here about the learning rate value and introduce some concepts related to it.

So how do we choose a proper learning rate value. Let’s first see how the range will generally affect training :

With a small learning rate, our weight updates will be small in turn and while we might reach a proper, performant
state of our network, convergence is going to be slow, and we might get stuck in a local minimum.

While we want to speed-up convergence, taking a very large learning rate will be counter-productive, and training
will become unstable and diverge.

Then let's reduce is to « simply » a large learning rate, which will converge in a stable manner but might bring our
model closer to overfitting.

So what we want is a good learning rate, which will bring a fast enough convergence while keeping our model
robust and able to generalize.
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\. Learning rate

However, the loss landscape (https://losslandscape.com/explorer) allows us to visualize that an initially high
learning rate saves time by rapidly approaching the solution, whereas a lower learning rate allows for smaller steps
and a more precise approach to the local minimum.

53

However, a learning rate that is too low at the start will result in very slow convergence, whilst a learning rate that is
too high at the end risks taking us further away from the minimum.
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\. Learning rate scheduler : decay
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Fortunately, the learning rate does not have to remain constant throughout training. And based on what has just
been said, we can choose to gradually decrease the learning rate during training to suit our needs.

There are several ways to do this:
Constant (blue) ==> Good performance but unstable throughout

Linear Decay (purple): The learning rate is reduced steadily with each epoch ==> Good performance, stable
towards the end

Step Decay (green): The learning rate is reduced by a fixed factor every x epochs ==> Quite similar to linear decay
(in terms of profile and performance. Here, it converges more quickly to the optimum because it remains high for
longer)

Time-based (orange): The learning rate is reduced by a factor inversely proportional to the number of epochs
elapsed ==> The learning rate decreases rapidly, so it reaches the optimum more slowly than the others, but not too
slowly to achieve the same performance

Exponential (red): The learning rate is reduced exponentially (quite simply)
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@ \. Learning rate scheduler : warmup
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Another issue arised, where the initial iterations can still have too great an effect on the model's updates (high loss,
steep gradients, bias, etc.).

To try to reduce the effects of these initial iterations, a warm-up phase (https://arxiv.org/pdf/2406.09405) can be
added alongside the learning rate scheduler; this starts with a low learning rate and gradually increases it at the
beginning of training.
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@ \. Cyclic Learning Rate Scheduler
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Building on the idea of a learning rate that is dynamically adjusted during training, Leslie N. Smith introduced the
concept of the Cyclic Learning Rate Scheduler in 2017.

The principle involves alternating between warm-up phases and phases where the learning rate is reduced. The
learning rate varies between a minimum and a maximum value and repeats these cycles, the duration of which is
proportional to the number of iterations per epoch.
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The main advantage of this technique is that it forces the model to easily escape from potential local minima in order
to try and find a better one each time the learning rate increases. It also enables the model to escape from ‘saddle’
points with low gradients.
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In 2018, Leslie N. Smith realised that, rather than running several cycles, it is more efficient to run just one large
cycle of increasing and decreasing the learning rate, known as the ‘One Cycle Learning Rate’. This leads to a
‘super-convergence’ effect, whereby the model is forced to converge rapidly with a high learning rate following a
phase of gradual increase, followed by a phase of decrease towards a learning rate lower than the initial LR.

The original proposal involved a linear increase and decrease, but FastAl later proposed a more efficient variation
using a sinusoidal curve. In both cases, the cycle ends with a significant reduction in the learning rate during the
final iterations.
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In his paper, Leslie N. Smith demonstrates that, using a ResNet 56 network and the CIFAR-10 dataset,
convergence is achieved more quickly with a cyclic learning rate than with a constant learning rate, whilst achieving
a similar level of accuracy.



Goal: Find the optimal learning rate values for your model, particularly for the maximum value of a cyclic scheduler
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@ \. Learning Rate Finder

To find the minimum and maximum values of the cyclic learning rate, we use the learning rate finder technique.
We will train a model for a few epochs, starting with a very low learning rate which will gradually increase until it
reaches a very high value.

By plotting the loss curve for this short training run, we will be able to observe two things:

- Initially, the loss does not decrease until we reach a learning rate high enough to have a positive effect on the
model. This value will be the minimum.

- The loss decreases fairly steadily until it begins to fluctuate significantly and diverge. We can therefore find the
maximum learning rate that has a positive effect on the loss without causing it to diverge.
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Each scheduler has its own settings

import torch.optim as opt

scheduler = opt.Ir_scheduler.StepLR(optimizer, step_size=5, gamma=0.1)

for epoch in range(100):
train(...)
validate(...)
scheduler.step()

import torch.optim as opt

scheduler = opt.Ir_scheduler.CyclicL R(optimizer, base_Ir=0.01, max_Ir=0.1)

for epoch in range(10):
for batch in data_loader:
train_batch(...)
scheduler.step()
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@ \. Learning rate scheduler implementation
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All the types of learning rate schedulers we have looked at in this course are implemented in the PyTorch library.

It should be noted that cyclic learning rate schedulers update their values with every new batch, unlike the others,

which update their values at the start of each epoch.
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Now let's talk about another hyperparameter, which is not a numerical value: the optimizer.

The optimizer is the algorithm which dictates how we update our model weights. Known optimizer include the
Stochastic Gradient Descent (SGD), Adam, and AdamW.

The latter is the most well known and generally the better choice no matter the task.
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\. Optimizers : Momentum

Optimizers will often bring thei own numerical hyperparameters, and one of them is the momentum.
Momentum is a value which keeps a « memory » of past gradients and applies them to the current weight update.

As its name suggests, it is analogous to the physical momentum (inertia), where an object sliding down a slope will
keep its speed when reaching a bump or turn and not follow the slope exactly.
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Momentum makes the gradient descent less sensitive to the non-convexity of the loss landscape and will generally
cause a faster convergence, but might also make us overshoot our target.
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\. Why momentum works ?

Website https://distill. pub/2017/momentum/ has ressources explaining and illustrating momentum in details.

64



O = O,—1 Ve [/(y"},yz) + A R(®f)]

Updated Weights Learning* gi Cost - bel ReguIarizatior;'gegularization V;elghts
weights f— before == o Gradient function Prediction Labe + rate function efore
update ) update

Weight update equation

* L1 Regularization

* L2 Regularization L1 : LASSO L2 : Ridge
* Max norm Regularization

* Regularization with the cost function |(E<)| ®?2
* Dropout

@ \. Regularization : L1 and L2
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Here we will talk about more classical regularization methods which apply inside the weight update equation, as well
as Deep Learning-specific ones.

— L1 and L2 regularization apply a numerical penalty to weights, based respectively on the Absolute Values or
the Squared Values of weights.

— L1 will bring weights closer to absolute 0 and encourages sparsity (only a few wieghts do the work, others
are set to 0). It is used to select a subset of relevant predictors.

— L2 will reduce weight values but not set them to 0. It will prevent overfitting but retain all predictors (weights).

Dropout is another regularization method for neural networks we will see in a moment.
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\. Regularization : Gradient clipping

Gradient clipping involves reducing overly high gradient values based on a predefined threshold.
Hgh gradients can cause instabilities during training. By scaling them down we prevent those instabilities and make

our training more robust.
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\. Regularization : Dropout

drop out networks
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Dropout is a technique used to force the model to use all of its weights by randomly « cutting off » some of the
neurons during a step.



Source :

pytorch.org

data-flair.training

Right for the Right Reason: Making Image Classification Robust

Qutput
Layer

hands

L - . drop out networks
(a) Husky classified as wolf (b) Explanation

\. Regularization : Dropout
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Why use dropout ?

While it’s difficult to analyze why exactly a neural network predicts what it predicts, some people have done so and
realized that, sometimes, a neural network will use only a handful of neurones for its prediction because what they
specialized in was sufficient to get a good enough performance during training.

Let’s take for example a model trained to recognize wolves and dogs. The model would work well in training, but
when confronted to a picture of a husky, would classify it as a wolf.

This is because in the training set, pictures of wolves were almost always in snow, while dogs weren’t. The model
thus only relied on the « snow = wolves » relation and other weights where secondary in the decision process.

By including dropout in the training, the output of some neurones, including the « snow neurones » were randomly
set to 0 meaning those are not updated, forcing the model to rely on the other weights.



A neural network that converges and generalizes correctly* generally has weights that tend to 0.
*(neither underfitting nor overfitting)

Distribution of weights during learning:
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Finally, weight decay is a fancy deep-learning name for the L2 Ridge-regression regularization method.

We observed that models which performed well had the absolute value of their weights closer to 0.
By applying weight-decay, we penalize overly-high weights and scale them closer to 0.
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G What work can be done to improve the data used for training?
9 How can a model be evaluated?

e Is it possible to make the training more robust?

e Can we benefit from an already trained model?

6 Bonus: Good practices
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In this section we will show you how you can benefit from a pre-trained model instead of training your from scratch.
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Let's imagine we have a model already trained on a large dataset, like ImageNet, which is indeed a real-world

example for common pre-trained models.

If we want to train a model to recognize specific species of kangaroos, we do not have to traing it from 0 : we can
take a model which is already trained to recognize shapes and colours and animals, and simply retrain it entirely,
aka Fine Tuning, or freeze most of the weights and retrain only the « head » of the model, which is where the

classification happens (aka Transfer Learning).
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@ \. Transfer learning

Other transfer learning methods include :

— Distillation : Instead of training a model by comparing its predictions to the ground truth, we also compare it to
the predictions of a larger, pre-trained « teacher » model. Through this, we obtain a smaller « student » model
with performance comparing to the larger teacher model but more size and compute-efficient.



G What work can be done to improve the data used for training?
9 How can a model be evaluated?
e Is it possible to make the training more robust?

e Can we benefit from an already trained model?

e Bonus: Good practices
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Finally, we'll list some best practices for your deep learning projects.



Hyper-parameters Methods
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@ \. Find the good hyper-parameters
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As previously mentioned, hyper-parameters are values which affect the quality of training. FIinding the optimal
values can be difficult and especially costly, since it will involve multiple training with different values, which is called
« Hyperparameters Optimization » (or HPO).
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The naive way to do HPO is to brute-force it with a Grid search. In addition to being quite costly, it risks missing
actually relevant places in the space of hyperparameters and sampling in irrelevant ones.

Instead, counter-intuitively, a Random search will perform better.
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There are also methods that make use of training runs already carried out to restart training runs with more relevant
values.

For our example here, we apply Bayesian optimisation using a Gaussian distribution, which will give us the points
we are looking for.
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There are tools developped to support collaborative work in deep learning, especially work involving comparative
experiments such as HPO or architecture search. Tools such as mlflow, weights&biases or tensorboard provide
easy-to-use graphboards with summaries of each run and comparison graphs to easily identify successful and

unsuccessful runs.



Data: Visualize them, understand them, curate them

Be aware of irregularities (class imbalance, lack of diveristy)
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\. Conclusion and takeaway
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Metrics: they should be chosen accordingly
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Use corresponding metrics and combinations of metrics to identify where the model does and does not perform.

A loss is not a metric, and a metric is not a loss. A loss is differentiable and evaluated on a few sample for training purposes.

A metric is a non-differentiable tool for evaluation purposes.

@ \. Conclusion and takeaway
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Overfitting : A model which performs well on the training set might actually not work under real-world conditions
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Identify when the model is starting to overfit and stop the training.
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Use regularization techniques to help prevent overfitting in the first place

\. Conclusion and takeaway




