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Mo#va#on

Clustering Results

We aim to generate an appropriate jazz chord progression for a
given melody. As musical minds, we wanted to see if it is possible
to create a model that can make any melody sound jazzy.
Classical theory is very predictable. Prior research has generated
chord harmoniza@ons for classical and pop music with high
accuracy.[1] Jazz theory is a lot less formulaic, so predic@ng jazz
progressions seemed a lot more challenging.

Combining the results of the two algorithms, we observed that chords
where notes were stacked on top of the 7th were clustered together, and
that 7th chords had similar func@ons to their respec@ve triads and 6ths.
Our clustering eﬀorts brought the number of chord classes down from
246 to 85.

Dataset and Feature Mapping

Naïve Bayes

Our dataset was a set of 149 “Jazz Standards” encoded in Lilypond
musical transcrip@on format. Each song in the dataset consisted of
a melody line with accompanying chord symbols. We transposed
each song to the key of C major / A minor. For each chord symbol,
we count the number of @mes each of the 12 notes in the
chroma@c scale occurs to obtain our features.

For our ﬁrst chord predic@on algorithm, we implemented a one-oﬀ
Laplace-smoothed Naïve Bayes classiﬁer. The posterior likelihood of
each class was calculated:

Clustering Algorithms
There were 246 chord types in our dataset. To facilitate
classiﬁca@on, we explored methods for grouping chords into
similar clusters.

K-means and Brown Clustering
We ﬁrst tried using K-means clustering with the normalized note
counts as features and seeing which chords centered around the
ini@alized centroids. Our second method was Brown clustering,
which is normally used for the seman@cs of words in sentences
based on their context. Instead, we used it on sequences of chords.

Classiﬁca#on Algorithms

The results were promising: though the accuracy wasn’t that high, it was
above baseline, and the actual chords predicted for a given melody were
realis@c.

Support Vector Classiﬁer
Our second method was a mul@-class support vector classiﬁer. Input
vectors were 12-dimensional note counts. We used a radial bias func@on
kernel:
The SVC outperformed Naïve Bayes and seemed to capture the harmonic
content of the melody, especially when many notes were present in a
feature vector.

Hidden Markov Model

Results
For tes@ng, we used 80/20 cross valida@on (split by song).
Depending on the run, this amounted to ~6200 chords in the
training set and ~1500 chords in the test set.

Algorithm
Baseline
Naïve Bayes
Support Vector Classiﬁer

% Accuracy
17.6%
26.2%
28.3%

Support Vector Classiﬁer w/ HMM 27.4%
All algorithms easily outperformed the baseline. While the
numbers could certainly be improved by reducing the number of
classes even further, we were pleased with the aesthe@c quality
of the harmoniza@ons produced. In par@cular, incorpora@ng a
Hidden Markov Model with the SVM lowered overall accuracy
slightly but produced more canonical jazz progressions, even for
non-jazz music.

Future Direc#ons
What we learned from this project is that the problem we were
trying to tackle is a lot more diﬃcult than we ini@ally thought. We
likely could have achieved much higher accuracy with the same
approach on classical music, since jazz music is far too expansive
given the limited data set we had access to. Possible future
approaches could be:
• Expanding research into the neural network realm[3]
• Obtaining/crea@ng more data
• Trying the experiment ﬁrst on classical theory, tuning, reﬁning
and then extrapola@ng to jazz
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