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Introduction
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Data Source

MovieLens

ml-latest-small

610 users
9,724 movies

100,863 ratings
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Exploratory Data Analysis

▪ 98.3% of the matrix is empty -> Sparse Matrix
▪ The mean of all ratings is 3.5 (left skewed distribution): Bias toward higher ratings
▪ Drama and Comedy are two top genres in this dataset
▪ There are some users that are outliers (Cinephiles)
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EDA (cont.)

For the most part, the most popular movies aren’t the best ranked
Note: Showing movies with more than 30 ratings in the “top 10 rated movies” plot
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Setup

Majority of the setup is based on the size of the dataset:

▪ Train - Test ratio used: 90% - 10%
▪ No validation set (hyperparameters picked by inspection)
▪ Data split done randomly instead of sequence-aware
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Popularity Baseline
“Rear Window”
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𝒓𝒊𝒋: Rating of user i for the movie j
N: Number of raters for the movie j
𝝁𝒋: Average rating of the movie j

Autofilling every column j with the same 𝜇𝑗

Steps

Calculate 𝜇𝑗  for every column j  (movie j)

Masking already seen movies for every row j (user j)

Recommending the movies with the highest scores
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Popularity Baseline

Pushes Conformity in movie taste (different users have different movie taste)
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Matrix Factorization

A matrix of m users and n movies can be decomposed into two matrices.
One matrix of m users with k latent variables, and the other matrix of n movies with k latent variables

R =𝑃 × 𝑄𝑇
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Matrix Factorization (SVD)
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Matrix Factorization (SVD)

Customized for every user depending on their taste



12

Neural Recommender
Pearson Similarity Neural Network

+

MLP (3k->256->GELU->256->1)
Regularization Applied

k=32
3 channels concatenated (user, items, similarity matrix)
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Neural Recommender

Including “niche” movies alongside popular ones makes recommendations much more specific
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Results & Conclusion

Metrics Popularity Baseline Matrix Factorization SVD M.F. Custom Neural 
Recommender

RMSE 1.0313 0.9437 0.9050 0.8858

MAE 0.8083 0.7271 0.6988 0.6798

RMSE: Root Mean Square Error (bigger penalty for bad guesses)
MAE: Mean Absolute Error (how many stars from the real rating we’re off in average)

Conclusion: Popularity baseline is clearly the worst option, whereas my Neural Recommender
got the highest metrics (RMSE & MAE). I would personally go with SVD since it’s pretty accurate
compared to the other two metrics while being less computationally intensive (no training).
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State-of-Art Comparison

"BellKor's Pragmatic Chaos" a Test RMSE of 0.8567 for Netflix Prize 2009

“State-of-the-Art Recommender Systems” (April 2009)
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Cold Start: New User
Using Popularity Baseline: 𝝁𝒋 =
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Pipeline:
1. For every recommendation choosing the genre based on their distribution.
2. Recommending the highest rated movie for every genre.
3. If that genre is already included in the recommendation, recommend the 
second highest rated one and so on.
4. After having ranked 3 movies, we can insert him in the recommendation 
algorithms.
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Cold Start: New Movie

Trickier than the “New User” case

Recommend?
User Ene

“One battle after another”

Approach:
1. Create a new recommendation section for New Movies
2. Rank the new movies using the (smoothed) average rating of a user for a main genre
Example: User Ene likes thrillers better. He gets new thriller movies recommended to him
more than other genres.
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Questions?
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Model RMSE MAE

Matrix Factorization (k=10, Adam) 0.8718 0.6653

SVD Matrix Factorization (k=15) 0.8889 0.6860

Neural Recommender 0.8889 0.6847

(Optional) CPU VS GPU Results
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