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EXTENDED ABSTRACT

Recommendations systems are at the core of a number of applications and interactions among people every
day. They are used in diverse fields such as recommending music, images, videos, text to everyday products
that we buy/sell and even in areas such as search. It combines a variety to disciplines like machine learning,
statistics combined with expertise in domain specific fields like computer vision, music and audio processing,
natural language processing etc. The field is well researched, with renewed interest, due to the success of the
Music Genome project [1], Netflix prize [4], and more recently with advent of deep neural networks. The
approaches are loosely based on collaborative filtering and content based filtering. A collaborative filtering
approach models interactions between a subset of users-items in order to recommend unknown user-item
entries via an interaction matrix. There are a variety of approaches plausible in order to get the missing
entries of user-item matrix, e.g. matrix factorization, clustering models and more recently a neural network
based in-filling algorithm [5]. On the other hand, content based filtering relies on various characteristics of
the desired item, and does not take into account user behaviour. More recently, neural embeddings have been
found to be very useful in recommendations systems.

In this paper, we propose to combine these two approaches. The main contribution of the paper is an al-
gorithm which proposes a content based collaborative filtering approach in which the user-item matrix is
replaced by user-filter matrix based on activations of a deep neural network. To the best of our knowledge
the idea of user-filter activation matrix has not been proposed before. For our proposed algorithm, we focus
on music and audio recommendation. Almost identical neural architectures have been used in various do-
mains such as audio, vision [7], natural language processing [3]. It is easy to see that the current approach
is applicable in several different areas. It has been shown in domains such as audio/images, that the fam-
ily of convolutional models learn various hierarchies of features. For the case of music, the initial layers
learn lower level features such as pitch, harmonies, vibrato, onsets etc. The higher layers combine these low
level activations for understanding higher level concepts depending on the problem of interest like language,
genre, artist, melodies etc. For the constitution of any song, both the high level and the low level features are
important. These features give us far greater information than categorical description of items (song).

To give an example to further motivate this idea, a jazz tune will invoke particular filters fired for ’high level’
categories (eg genre (jazz), timbre (piano, acoustics bass, sax, etc). There is a stronger likelihood that a
different user liking sax, bass and piano in popular music would listen to jazz than to, say, Indian classical
Music. Several such arguments can be made in regard to combinations of low level and high level features,
supporting our argument, and advantages of moving from user-item matrix to user-filter matrix. The current
user-item interaction matrix fails to capture such dependencies, and relies on powerful algorithms to learn
them.

For our case, we train a variant of state of the art DenseNet [6] architecture on balanced Audio Set [2], giving
rise to a total of 1316 convolutional channels which the input is progressively downsampled and reduced
in size from. The input to our system is an audio file of 3s duration with the targets being 527 categories.
As motivated before, we replace the traditional user-item matrix with that of user-filter (activation) matrix.
The values in the matrix are categorical, indicating the presence/absence of a musical attribute modelled by
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convolutional filter activation. The continuous filter activations are discretized using mean, µ and variance,
σ across all the activations present in the dataset for a single filter. As a sample rule, an activation greater
than µ + 2σ can be assigned 1, with values less than µ - 2σ assigned −1 indicative of a strong dislike, with
the rest of the entries as unfilled. The values consisting of a user-filter pair gets assigned based upon the
average of all the convolutional filter activations of all the audio pieces the user has interacted with. A single
song would have several such patches of 3s duration. The final value of a user-filter interaction matrix would
simply be an average across all the patches a user has interacted with.

Mathematically, letM be the user-filter collaborative matrix, then each entry of the interaction matrix, muf ,
is the value corresponding to user u and filter index f . For a total of N interactions for a user u,

muf =
1

N

N∑
n=1

W lk
n

where W lk
n is the activation of the convolutional filter k in the l th layer of a deep neural net architecture

(assigned an index f ), with a 3s input audio, with N being the total number of interactions the user u had.
The activations of different filters, are already normalized as we discretized the scores to [−1, 1] using first
order statistics. The missing user-filter entries can be inferred using a wide body of existing literature like [4].
For getting the users, a song back, we first store the sorted lists of songs according to the filter activation for
each filter. We then recommend the song that the user has not interacted with that activates the predicted
positive entry for the filter index in our interaction matrix.

Figure 1. Comparisons of traditional user-item matrix and our proposed user-filter interaction matrix. Blue
and Red refer to likes-dislikes, with the same being modelled using µ-σ statistics, and stored as continuous
numbers between [−1, 1] for user-filter matrix. The shades of blue-red represent such values, and white being
unfilled entries.
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