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Abstract

The article describes a method of generating song lyrics in a backwards fashion. We present our
own Rhyme Finder, a Python library which generates rhymes for the given word or phrase based on a
large and robust input data and ranks the potential rhymes based on the built-in rhyme quality checker.
After finding the appropriate rhymes, it uses LSTMs to generate the lyrics backwards thus showing
some promising results by being trained only on a small sample of data with limited resources.
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Introduction

Recurrent neural networks are very powerful tools for dealing with sequential data such as text,
time series etc. Researchers noticed how an RNN of a fairly simple architecture can be used to
generate text using the style of the author on the texts’ of which it was trained. A simple LSTM
network was able to generate structurally very similar text after being trained on Shakespeare’s works
[1]. This presents a great potential for RNNs and deep learning models in general as it is interesting to
see how far this can be taken, in terms of “imitating art”, as it’s one of the hottest topics of debate
when it comes to AI. And while song lyrics could also be considered a piece of text, they have some
big technical differences from prose. In songs, all lines should have about the same number of
syllables, while the last couple of syllables must thyme with each other. Furthermore, it should be
original, in a sense that it shouldn’t just repeat whatever’s in the dataset but create new/never seen
before content. This presents some constraints to the typical text generation problem. In this work we
describe how we overcome that problem and generate rhyming song lyrics.

Problem Statement and Related Work

Inspired by Karpathy’s results [1], many researchers took on the task of using deep learning
techniques to generate song lyrics/poetry. Most of the work on this subject, however, is not very
formal and one can find a lot of examples like this scattered all over the GitHub and Medium. As a
result, there’s no formal evaluation of the models, just some examples of the predictions. Furthermore,
even when the approaches are well documented, they are very different from each other which
presents an issue in itself - comparability. The quality of one model’s generated lyrics is difficult to
compare to another one. That’s why most of these models in the end are evaluated by humans, by
rating them on a 1-5 scale in several categories (e.g. meaning, coherence etc.).

One approach to the problem is Dope Learning [3], which is a model that generates hip-hop
lyrics. Their approach is to use entire lines as an input to the model and the output is another line.
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While this approach performs good in terms of coherence and meaning, it lacks creativity. Nothing
new is generated as a result of this, it’s just a well rhyming collection of lines.

Another approach is the “content controlled” lyrics generation [2] which strips down the lines of
the original songs to the most “key” phrases and then uses those to generate a full line. This approach
provides more originality while losing some of the coherence and lyrical depth presented by the
previous work.

In Neural Poetry [4], the authors generate poems by using a syllable level data which increases
the originality even more but again loses more coherence as a tradeoff.

In all of these approaches, the authors end up with rhyming text generators, the comparison of
which, as mentioned, is non-trivial. Hence, using human evaluation is not very accessible to most
researchers while being effective.

Background

We leverage Recurrent Neural Networks (RNNs) in our approach, especially GRU and LSTM.
RNNs are designed for processing sequential data. Unlike feedforward neural networks, RNNs can
use their internal memory to process any sequence of characters. They have a non-linear mapping
from a current input X, and previous hidden state h._, to current hidden state h, and the output o,.
And hidden state has a predefined size and stores features which are updated on each step and affect
the final result of mapping.
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Fig. 1 Unrolled Recurrent Neural Network
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More rigorously, the current state formula is:
he = flhe—1, %) (1)
and with the activation function it looks like:

h’f‘ = tﬂ,’]‘lh{:I’th hr—l + H"Fh.r xr::' (2)

where W;,;, is the weight at the previous hidden state and W}, is the weight at the current hidden state
and x, is the current input.

To be more effective, the network has to keep a “history” of the past inputs, instead of looking
only at the previous layer. This is where LSTM comes in.

Long Term Short Memory (LSTM) networks are a variation of the traditional RNNs, which
includes an input gate, forget gate and an output gate.
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Fig. 2 Structure of an LSTM

The function of the input gate is to decide which values should modify the memory, leveraging
the sigmoid function and assigns importance to each value using tanh.

ii‘ = ET{I-L;E [hr_l,x,] + b:} (3)
CE‘ = tallll{:.["t;f [hr_ljx,] + bf} (4)
Forget gate makes the decision on which block to ignore from the memory.

fo = o(Wr [heop ] + by) 5)

And finally, the output gate combines the results of the previous gates to decide on the output
and updates the hidden state.

Oy = Ii-'_{:H-"Fp [hz-—j_:xr] + bﬂ} (6)
h. = o, * tanh(C,) Q)

In language modeling, LSTM is usually followed by a linear layer, which gives the probability
of the next word from the set of all the words. This is essentially a multiclass classification problem,
so the appropriate loss function here is the cross entropy.

L{_}-‘J _}’p,.ﬂd} = —Xy;loglog (}’pradf) (8)

These layers are preceded by an embedding layer in our architecture which is used to represent
the label encoded words by dense vectors.
So, our final architecture is:
1. Embedding Layer
2. LSTM Layer(s)
3. Linear Layer

Method
The data is scraped from the most reputable lyrics source - the website genius.com [9]. The
scraping is done through their API, which, given a list of artists, scrapes all the songs’ lyrics for which

62



INFORMATION AND COMMUNICATION TECHNOLOGIES
the artist has the primary credits. The size of the dataset is about ~2.1 million characters/74K words,
with lyrics from around ~20 artists (mostly hip-hop for now). Note that for this type of problems this
is a relatively small dataset.

For rhyming we wrote our own module - RhymeFinder. We assume that in the dataset on which
the model is being trained, we already have a lot of information about the rhymes. So, to find rhymes
for a word or a phrase, we search for them in the dataset itself. RhymeFinder finds all the lines that
end with the given phrase and analyzes all the lines that are either before or after the selected lines. It
generates a candidate rhyme from it. RhymeFinder tries to match the number of syllables in the
queried text with the candidate rhymes by leveraging The CMU Pronouncing dictionary [6].
Furthermore, it evaluates the rhymes based on syllable similarity using Levenshtein distance [7] and
thus returns a ranked dictionary of candidate rhymes. From there we can control the quality of rhymes
by fixing a minimum threshold for acceptable rhyme similarity.

We feed the data into the network in a reversed fashion. For example, the lines

Talk about some things we can't undo
You just send the pin, I can find you
becomes
you find can I pin the send just you
undo can’t we things some about talk

The generation process is as follows:
Pick the last word/phrase of the last line - “find you”
Reverse it - “you find”
Generate the line - “you find can I pin the send just you”
From the original selected phrase (find you), generate set of possible rhymes
Pick the desired rhyme - undo
(Optional for single tokens) Reverse it - undo
Generate the second line - undo can’t we things some about talk
Now after reversing the entire thing, we get the natural order.
This method allows us to generate the rhymes backwards, by using our desired rhymes, and the
reverse order of lines provides us contextual coherence.

e I A o

Experiment Results and Benchmarks

The first iteration of the model was a character level LSTM, which ended up generating a lot of
nonsense words. While it also provided a lot more originality, the amount of random text tokens were
ruining the aesthetics of the final result. We decided to move forward from there with word level
models as it will eliminate the issue of nonsense words.

At first, we tried to use random samples during each epoch and train on that. This approach
didn’t take us far, as the loss hardly changed over ~50 epochs. Dealing with limited GPU resources
(NVIDIA Quadro P2000), we decided to train on the entire dataset for each epoch. This approach was
significantly better, but it took a really long time to train so much that we decided not to move forward
with it as it would take weeks to finish. We found a compromise which was simply not utilizing most
of the dataset and just train it on a smaller sample. This method was a good tradeoff between training
time and results.

We observed the following perplexity scores and losses for the models after 50 epochs:
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Table 1
Comparison of our approaches
- Random Sampling Down sampling Entire Dataset
Cross-Entropy Loss 4.8 3.1 -
Perplexity 121.5 24.1 -

Comparing it with other solutions such as Creative GANs [5] which were trained on
significantly larger datasets and with more advanced methods, we observe results:

Table 2
Our model vs Creative GAN
- Creative GAN Our Model
Perplexity 17.11 24.1

With our available resources, the results are very promising.
One result of our generated verse is:
bout to f--k that b---h yes
she got y'all know this gangster chest no lisp
tried to pull up for the 40000 dollar dress
find a stack it up to your so fresh

More could be found and generated in our GitHub repo [10].

Conclusion

In this work we presented an approach of generating song lyrics using LSTMs. We developed
our own rhyming module with the help of which we ensured that the generated lines rthyme (to some
extent). Using very limited resources, our method was able to generate lyrics that are comparable with
significantly complex models. Many aspects of the work can be improved starting from increasing the
RhymeFinder efficiency (to make it avoid circular rhymes) to adding more training data and training
with stronger machines to achieve more diverse results.
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RHYME FINDER: tMah pUNGrh USENONKU®
ogqsuanotLNd <sutura <uvqeudnraruLer

U.G. Qupwpju
<L FUU bupnpduwphlyugh b wyinndwippugdwl wypnpiGdtiinh htuphyinp

Wu wotuwwnwupnwd dbup ufwpwgpnid tup htinmwnwpéd nwuwyny Gpgh pwnbp  unbindtnt
dbenn: Ubup ubpyuwjwgund Gup dbp ubhwywu RhymeFinder-p’ Python gpunwpwu, npp
unbindnud £ hwuqwynpnuubp tnpqwd pwnh Ywd wpnwhwjnnyejwu hwdwp' hhdujwd punwnpéwy
L uuwhbh dnuwnpwiht mdjuiutph Jpw, b nwuwlwpgnud b wynwnbughw| hwugwynpnudubpp’
hhdudtiny ubpnpwd hwugh npwyph uwnnghsh ypw: <wdwwwunwujuwt  hwugwynpnidubp
gwnubng hbwnn wju oquwgnpdnd £ LSTM-ubp® hGwnwnwnpé Yepwnd bpgh pwnbp unbindtint
hwdwp' winwhund gnyg wwind npny  fununnwuwihg wpryniupubp’ nnpu pbpdbing Jdhwju
uwhdwuwthwy nbunipuutipny wnyywiutipph thnpp udniphg:

Pwtwh pwnbp. LSTM, nGUyniptun ubjpnuwjpu gwugbip, funp nwnignd, tipgh pwnbp,
hwugqwynpnwiubph untindnid:

RHYME FINDER: CO3JJAHUE TEKCTOB IIECEH C
HNCIIOJIb30BAHUEM METOJA OBPATHBIX PUOM

A.T'. 3akapsan

HUncmumym npobrem ungpopmamuxu u asmomamuzayuu HAH PA

B sT0ii paboTe MBI ONMUCHIBAEM METOJ CO3JaHHs TEKCTOB IeceH B 0OpaTHOM mopsaake. Mbl
MpeACTaBIsieM BaM pa3paboTanHyro Hamu nporpammy RhymeFinder, koTopas renepupyer pudmbl
JUIsL JAHHOTO cJioBa WM (pa3bl HA OCHOBE OOJIBIIUX M HAJECKHBIX BXOIHBIX JAHHBIX U PAHKUPYET
NOTEeHLMalbHble pU(GMBI Ha OCHOBE BCTPOEHHOTO CpeICTBa MpoBepku KadectBa pudm. Ilocre
HAaXO0XJICHUS MOIX0aimux pudM oH ucrnoib3yeT LSTM a1t co3gaHust TEKCTOB B 0OpaTHOM TOPSJIKE,
MOKa3bIBasi TEM CaMbIM HEKOTOPbIE MHOTOOOCIIAIOIINE PE3yIbTaThl, 00y4asch TOIBKO Ha HEOOIbIIOM
BBIOOPKE JIaHHBIX C OTPAHUYCHHBIMU PECYPCaAMHU.

Knrouesvie cnoea: LSTM, pexyppeHTHbIE HEHpPOHHBIE CETH, TIyOOKOoe OOYy4YeHHEe, TEKCTHI
HIeCeH, reHeparus pugm.

Lbpyuwywgyb £ 06.04.2021p.
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Gpwatuwynpyby £ tnywagpnipywu' 28.04.2021p.
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