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Why we are here

% We are NOT here to show you the latest advancements in Generative Al or to
explain the theory behind cutting-edge technology... sorry

% We are here to show the harsh reality of adapting technology in an industry
setting:
% Trials and errors
% The real data nightmares
< Coming up with heuristics

« Coping with the process



Outline

» Freeda

Image & video classification
Data challenges, heuristics, results from a real case study
» Engagement prediction

Final remarks






Freeda Media & Freeda Platform

% Freeda starts out as a digital media publisher ( )

% We produce contents to be published on our own social media pages addressing themes relevant
for Millenials and Gen Z, especially women and individuals feeling underrepresented

+ Alongside the editorial content, we curate the branded content built in collaboration with clients
who want to reach our audience




Freeda Media & Freeda Platform

% More recently, a new division has been developed, Freeda Platform, acting as an

advertising agency for brands

% We support clients in evaluating and improving their communication (listen services), help them

create engaging contents for their channels (engage service), and following the user-to-customer

journey (transact service)




Ereeda in numbers
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Data Analytics & Technology Innovation
DATI Team

DATA ANALYSIS DATA SCIENCE DATA IMPLEMENTATION
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« As a team, we take care of everything about data: from raw data collection to its storage, transformation
& enrichment, from analysis to efficient presentation, e.g.:

*
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ETL processes to get thousands of metrics data per day from social media platform APIs

>

% Internal applications to store contents before publication, and explore their performance after

X/
A X4

Customized dashboards & advanced analysis, also in support of the Insights team

% Development & deployment of ML models to understand the relations between content features and performance



What does image processing have to do with this?

% The core question we wish to answer:

What makes a content successful on social media?

% Idea: decompose a content into a set of features and try to estimate the impact of

each on observed performances

VS

% Features can be manually tagged or... automatically extracted! Here comes ML






Image classification - basics

% (Image) classification is one of the fundamental ML tasks

% Given a set of predefined classes (labels), the classifier must decide which class/es the input
belongs to

% Supervised learning: the model is trained on pairs of <input, target> examples so that it can learn
how to generalize their relation to unseen examples
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% Many models/algorithms exist to tackle this task = for image classification, Convolutional Neural
Networks (CNNs) are considered to be particularly efficient

« Characterized by «convolutional layers» that filter images to progressively extract their features (e.g. edges)
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Image classification — Model training

¢ Training a neural network means repeatedly
presenting training examples to the model, ‘ <

observing the predicted ouput, and adapting
the network parameters (its weights) so that on
the next runs the prediction error (loss) gets

lower
% Large, labelled datasets are needed!

% New models from the scientific community are
customarily trained on the ImageNet dataset (1000

classes, 1.2ZM training examples in the most
commonly used subset)



Image classification — Transfer Learning

% Training a deep neural network from scratch can be very expensive/impractical

% In terms of dataset preparation and computational resources

« Enter Transfer Learning!

% Idea: use a pre-trained model as a starting point and continue training on a «small», tailored
dataset

% This fine-tuning process can both take advantage of the general knowledge on visual features
acquired by the model during pre-training and specialize it to recognize the classes we are

interested in

% E.g. PyTorch (torchvision) & Huggingface make several pre-trained models available that can be

used for transfer learning



Transfer Learning in practice: decisions to be made

1. Which classes do I want to recognize?

2. What kind of images do I have/do I want to use for training?

3. Which image transformations make sense for my task!

4. Which pre-trained model(s) do I want to fine-tune! With which hyperparameters?

5. Which accuracy level do I consider «good enough» to move to production?



Transfer Learning in practice: video classification

% We can adapt pre-trained/fine-tuned image classifiers to perform video classification as well

% We can sample a number of frames from the video, and classify each frame indipendently

% ... and then aggregate the frame labels into one label at the video level

& ... Which adds a new set of decisions to be made:

1. How many frames should I sample! And how should I sample them?

2. How do I aggregate frame-level labels into a video-level one?

Spoiler: there is no predefined answer.

You need to find them by getting your hands dirty with actual data!






Classifying people presence in images,/video

% Motivating observation: contents showing people usually perform better than contents with
no people

% ... but does the actual number matter, too?

1. Which classes dowantto recognize

% To avoid having too many, fine-grained labels, we decided to classify images into 4 classes:
< [no person, one person, two persons, three or more pe'rsons]
« Rationale:

» Too many labels may require a larger labelled dataset (so that all classes are «equally» represented)

% At inference time, we might expect to have underrepresented classes = sparse data make it hard to
draw robust conclusions

% Considerations stemming from business knowledge & experience with the data domain






