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Composing music is one of humanity’s most amazing accomplishments. We thus sought Architecture | (256), 1 Dense | LSTM Cells LSTM Cells LSTM Cells Bl Densallayer —
to generate high quality classical music using an LSTM. Although many LSTMs can Search Layer (256), 1 Dense | (128), 1 Dense | (512), 1 Dense P
generate decent music, We sought to create an LSTM that could not only support Layer Layer Layer .

multiple notes at once, but also encode dynamics, making the music sound less robotic

and more human generated. Train Accuracy 994 995 995 995 9956 \
Test Accuracy 771 .8065 .8065 8065 8141

We trained our LSTM on 100-note sequences of classically played music with dynamics oL e ;
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Training Accuracy

Test Accuracy 8241 8216 8216 -
Encoding MIDI Files Train Loss .0402 0499 0499 0135 ‘ \\ i J
Test Loss 156 152 fio2] 1518 gl [

Each vector x represents a single time step from our data.
Each vector y represents the desired output for one step of the RNN.
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turned off in this hot of notes Time to skip to skip forward note/chord
fixed timestep turned offin e from (from 100 seen. Randormly selected one time sample from our dataset and propagated our RN forward to generate samples 1. Modifying the encoding so that we can create notes that are held for multiple beats. This can be
this fixed 100 possilbe possilbe time normalized After getting our generated midi files, we wanted to do some post processing to make it sound better. combined with a litle post processing to create notes that can take any length time.
e RN bins) until the These are some of the things we tried: ) ) )
ime bins) unti : + Delete the first n frames. It took the model to warm up a bit before outputting interesting melodies. 2. Madifying the encoding to create notes that can play more loudly and softy. This combined with
the next note is next note is + Remove repeated notes. A lot of fimes the model repeated the previous note when it did not have the first one can be used to create a program that can generate the full extent of songs able to be

xet> encoding 1 y<t> encoding 1 played played anything other note it wanted to play immediately, so we took these as rests. played on the piano.

xet> encoding 2

x<t> encoding 3 y<t> encoding 3

e dncoding2 3. We could alter the loss function to take into account harmonics and playing a note that doesn't
cause dissonance. This would help the model train better and generate music that more closely

‘mimics piano pieces from the baroque, classical, and romantic era.

Choosing an Encoding

Despite low loss, our iniial results were bad due 1o our very sparse
encodings which made us change encoding schemes.

4. Create a more cohesive dataset so that it can generate music better of a more specific type
instead of generic “classical” music.
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Chords are the backbone of music and our model would have been
00020 | incomplete without them. Our first two models had polyphony

(| encoded as a one hot vector that was on in several locations at once,

Heerg \‘ | which made decoding prediction vectors from our LSTM very difficult.
|
| 1 Using the Music21 Library from MIT allowed us to encode sets of
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