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Background - The paper aims at analysing the efficiency of RNN based neural net on both the GPUs and the FPGAs. While 
GPUs are used in deep learning modules on day to day basis but the FPGAs are not used often this filed. This paper 
describes the process of constructing a deep learning module based on RNN to generate musical symphonies and compares 
this algorithm on the FPGAs and GPUs to determine the ideal hardware required for max efficiency. 
 
 
I. METHODS 
 
The algorithm is designed to generate the musical 
notes in MIDI format using Recurrent Neural 
Network (RNN) which uses Long Short-Term 
Memory (LSTM) and RBM (Restricted Boltzmann 
Machine) to generate notes. The database used 
includes NCS tracks. 
The algorithm is implemented on the GPUs (Nvidia 
GTX 960M 4GB) using Keras with Tensorflow 
backend. The Algorithm is implemented on the 
FPGAs (Intel AlteraV5) using terms of the Efficiency 
and time taken to train the neural net and generate the 
output MIDI track. 
GPUs are graphic processing units that are generally 
used to perform polygonal rendering and floating 
point calculations. On the other hand, FPGAs are 
field programmable gate arrays that are present on a 
IC used to perform logical and floating point 
calculations. The FPGAs have higher power 
efficiency than GPU but floating point calculation of 
the latter is much faster. This efficiency increases 
with newer versions of FPGA provided by Intel. We 
have used latest FPGAs vs an average GPU to test the 
task of music generation. 
 
II. ALGORITHM STRUCTURE, 
CONSTRUCTION & CODE SNIPPETS 
 
2.1 Algorithms Used 
2.1.1 RNN: 
RNN is short form for Recurrent Neural networks in 
which additional weights is added to create a network 
graph with cycles which aids in creation of internal 
states. This is used in solving sequence based 
problem. 
 
In this we have used multilayer perceptions for the 
construction of the feed forward network and 
backpropagation through time with stochastic 
gradient. 

Simple perceptron 
X(i) -> y(i) 
Feedforward network 
[X(i-1), X(i)] -> y(i) 
We have used invariant time and invariant note and 
multiple inputs are transposed like the above equation 
to generate a very different note. 

 
Fig 1 

 
The system faces other problem as chords are not 
related to each other so there is a combination of 
RNN-RBM network to interleave them with the help 
pf a biaxial network which can also be considered as 
a pseudo axis with chords on to generate a node 
spacing without invariance. 
 
2.1.2 LSTM: 
Long Short-Term Memory are a unique set of RNN 
used for learning long term dependencies. They were 
constructed by Hochreiter & Schmidhuber (1997), . 
LSTMs are designed for Remembering information 
for long periods of time. All recurrent neural 
networks have the form of a chain of repeating 
modules of neural network. In standard RNNs have a 
single tanh layer. But we have compounded layers in 
the LSTM module 
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Fig 2 

 
2.1.3 RBM: 
Boltzmann Machines is a log-linear Markov Random 
Field (MRF), i.e., for which the energy function is 
linear in its free parameters. Which make it go from 
the limited parametric setting to a non-parametric 
one, it is considered that some of the variables are 
hidden. We have a 4-hidden layer for enhanced 
efficiency. 
 

 
Fig 3 

 

 
Fig 4: Activation and Constrain Functions for the RBM 

 
2.2 Code 
2.2.1 GPU 
We have following class for creation of object: 
class Model(object): 
def __init__(self, t_layer_sizes, p_layer_sizes, 
dropout=0): 
self.t_layer_sizes = t_layer_sizes 
self.p_layer_sizes = p_layer_sizes 
pitch network takes last layer of time model and state 
of last note, moving upward 
We have a two-element sigmoid layer with the 
following property declared on keras. 
self.pitch_model = StackedCells( p_input_size, 
celltype=LSTM, layers = p_layer_sizes) 
self.pitch_model.layers.append(Layer(p_layer_sizes[-
1], 2, activation = T.nnet.sigmoid)) 

we have a use 78% masked dropout and the 
likelihood of seeing 0 is (1-P). So, the likelihood is 
(1-P) (1-x) + Px = 2Px - P - x + 1 
 
2.2.2 FPGA 
A function for construction of RBM the parameters 
have the following characteristics:  
The visible defines the number of visible layers and 
hidden have the inner hidden layers 
The 2 biases are the parameters for the two sigmoid 
functions. 
void RBM__construct(RBM* this, int N, intn_visible, 
intn_hidden, 
double **W, double *hbias, double *vbias) 
 
This defines the backpropagation tree for construction 
of memory element. Which has a tree and a gradient 
decent function result and a parameter calculation 
function result which can be substituted for a constant 
and the resultant values generated by the functions 
are stored in the new element of the memory tree with 
pointers for the nearest nodes. 
 
void RNN::backprop(SenBinTree* tree, 
AbstractParam* absGrad, bool predict) { 
RNNParam* grad = (RNNParam*)absGrad; 
SenBinTree* parent = tree->parent; 
 
This function generates the final predicted values of 
the LSTM+RBM network in the form of a matrix that 
has a time variant node distribution for a MIDI array. 
 
void RNN::predict(SenBinTree* tree) 
Matrix *input = ((RNNParam*)params)->lstm.b-
>dup(); 
tree->lstm.cRep = Matrix::zeros(dim); 
 
2.2.3 Input & Output 
The system is built on the Python package in GPU 
designer with the help of the Tensor flow and Keras 
library and the code for FPGA is written in C 
language. The HDL language is generated with the 
help of aletrix software by Intel. 
The hardware use is GPU- GTx960M on ASUS rog 
Gl522vw and FPGA used is Altera Stratix V D5 
FPGA with capacity 172k ALMs 
 
First, there is the input to the first time-axis layer at 
each and every time step 
 
Position [1]: The MIDI note data value for the current 
note. Used for getting a vague idea of how high or 
low a given note is, which allows the concept that 
lower notes are typically chords, upper notes are 
typically melody. 
Pitchclass [12]: 1 for the current note, starts at A for 
the value 0 and increases by 1 per half-step, and has 0 
for all the other values. For selection of more 
common chords. 
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Previous Vicinity [50]: context of the surrounding 
notes in the last timestep is given, one octave in 
specific direction. The index 2(i+12) is 1 if offset i 
from current note was played  for the last timestep, 
and 0 if not. value 2(i+12) + 1 is 1 if note was 
articulated at the last timestep, and 0 if it not. 
note x where (x-i-pitchclass) mod 12 which was 
played at the last timestep. 
Beat [4]: binary representation of position measure, 
having a assumed 4/4 time.with beat as input and 
column as time stamp: 
Example pattern 
 
0101010101010101 
0011001100110011 
0000111100001111 
0000000011111111 
 

It is scaled to [-1, 1] instead of [0,1].</p> 
 
Then the model has the first hidden LSTM stack, with 
LSTMs that have recurrent connections along the 
time-axis. The last time-axis layer generates some 
note states which represents random time patterns. 
The second LSTM stack is recurrent along the note 
axis which scans from low to high notes. 
The corresponding vector of note-state that is 
generated from the previous LSTM stack having a 
value (0 or 1) depending on the previously chosen 
note which is half-step-lower to be played. 
A value (0 or 1) depending on the previously chosen 
note which is half-step-lower to be articulated. 
After the final layer of the LSTM, we have a simple, 
non-recurrent output layer which generates 2 values: 
Play and articulate probability which is then used for 
generation of the musical chords. 

 
III. CONCLUSION AND EXPECTED RESULT 
 
3.1 Results 
3.1.1 FPGA 
Total heat calculation 
 
JA(TOTAL) = JC +CS+ SA 

 

Execution Time for 
Training for dataset 

of 2000 files 

Execution 
Time for Generation of 

MIDI file 

Heat Output 
During the operation time Total hardware cost 

2 hours 1min 20 sec 13.3 C/W $4000 
Table 1.1 

 
3.1.2 GPU 
Execution Time for 
Training for dataset 

of 2000 files 

Execution 
Time for Generation of 

MIDI file 

Heat Output 
During the operation time Total hardware cost 

6 hours 5 min 30 sec 18.9 C/W $1000 
Table 1.2 

 
3.3 Final Test Conclusion 
The performance of the combined RNN-RBM system 
on FPGA is better than the Total execution GPU 
based model using python libraries. The system’s 
overall cost in more in case of FPGA as the chip is 
costly and initial time take to configure the hardware 
and construction of HDL is more but the execution 
efficiency is more. The matrix calculation phrase on 
the GPU is faster. 
There is a major limitation with the FPGA 
implementation is that the Training data is first 
converted to an Array and then fed to the network and 
this is dependent on the processor before FPGA. 
GPUS also work in conjunction with processors to 
generate the music but initial setup time is less and 
the total cost of setup is quite low. 
Predefined Libraries used with Theano and Keras 
reduced the algorithm development only a model is 
defined this reduces the development cost. 

So, from the perspective Money spent vs Time 
consumed stats the GPU module is far more efficient 
than the FPGA module due to time needed for 
development and hardware cost. 
This algorithm can be used to make a music generator 
memory assist device or the multi axis structure 
allows for the construction of a prediction module 
based on multi axis perceptron for weapon trajectory 
calculation and solve problems based on the truing 
computer module at a higher efficiency. 
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