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In this paper we report a method that
allows us to discover how patterns in
disparate domains can be reversibly
related using a computationally rigorous
approach, the AttentionCrossTranslation
model. The algorithm discovers cycle-
and self-consistent relationships and
offers a bidirectional translation of
information across disparate knowledge
domains. The approach is used to
discover a mapping between musical
data contained in J.S. Bach’s Goldberg
Variations created in 1741 and protein
sequence data sampled more recently.
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THE BIGGER PICTURE Human creativity has advanced the way we understand the world, including scien-
tific and artistic modalities. However, until now, the convergent use of disparate knowledge bases has re-
mained elusive, especially connecting art and science. To address this challenge, we report a method to
achieve such translations using deep learning, whereby salient relationships are discovered in an unsuper-
vised fashion, without knowledge of pairing or domain knowledge, thereby expanding the concept of bio-
inspiration to encompass vast swaths of human knowledge. The method is demonstrated in the reversible,
bidirectional translation of musical data (based on Bach’s Goldberg Variations) to protein sequences,
discovered in a fully autonomous manner. The general method has broader applications for other discovery
platforms in a variety of engineering, scientific, cultural, artistic, and environmental data, opening many pos-
sibilities for further experimental and computational studies of pattern engineering.

Concept: Basic principles of a new
1 eee data science output observed and reported

SUMMARY

Taking inspiration from nature about how to design materials has been a fruitful approach, used by humans
for millennia. In this paper we report a method that allows us to discover how patterns in disparate domains
can be reversibly related using a computationally rigorous approach, the AttentionCrossTranslation model.
The algorithm discovers cycle- and self-consistent relationships and offers a bidirectional translation of in-
formation across disparate knowledge domains. The approach is validated with a set of known translation
problems, and then used to discover a mapping between musical data—based on the corpus of note se-
quences in J.S. Bach’s Goldberg Variations created in 1741—and protein sequence data—information
sampled more recently. Using protein folding algorithms, 3D structures of the predicted protein sequences
are generated, and their stability is validated using explicit solvent molecular dynamics. Musical scores
generated from protein sequences are sonified and rendered into audible sound.

INTRODUCTION domains—such as using patterns or mechanisms found in the

construction of language to inform novel design paradigms in
Taking inspiration from nature about how to design materials has  polymer design, or their use in the generation of proteins where
been a popular and fruitful approach for millennia.”” A persistent  we seek to arrange amino acid building blocks.® Earlier work pro-
challenge, however, is the translation of insights across disparate  posed a materiomics approach based on category theory*®;
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Figure 1. Summary of the
AttentionCrossTranslation model that dis-
covers cycle- and self-consistent relation-
ships and offers a bidirectional translation
of information across disparate knowledge
domains

(A) This paper focuses on the translation of infor-
mation across disparate domains, Aand B. In (B) the
task is visualized for the translation of music to

Forward problem

Discover...
E—

proteins (top), and vice versa (bottom). Such trans-
lational problem cannot be solved using conven-
tional methods as they lack the knowledge of
translational principles and any knowledge of pair-
ings between input and output. In this paper we
develop and apply an unsupervised deep learning

Discover...

B method that can discover relationships between
such datasets using cycle-consistent transformer
neural networks.

= A ing 440 Hz and note number 81 is A5 one

octave higher, reflecting 880 Hz). The ef-

however, these concepts had limited real-world applicability
since they are difficult to construct and require a priori knowledge
of the entire set of relationships between building blocks. But, for
many problems we do not know these —and they are, in fact, pre-
cisely what we seek to discover. In such scenarios we hypothe-
size that construction principles exist in each domain, but we
do not know any closed-form mathematical expression that delin-
eates how they can be translated across the domains. To provide
a specific example—one that will be solved in this paper—we un-
derstand that music follows certain patterns in the way notes are
arranged (depending on the style of music, the era of composi-
tion, etc.).°”'° On the other hand, we also understand that protein
design follows certain patterns in the way their amino acid build-
ing blocks are arranged, including for the determination of me-
chanical properties.”>° But what is the intersectionality between
patterns in music and proteins, and how would we translate mu-
sic to proteins, and vice versa? Can we identify, using an algo-
rithmic tool, a relationship between these two representations,
both directions (Figure 1)?

To provide additional descriptions of the music and protein
data used in this study, we provide a deeper look into these
two domains. Music typically consists of sound produced
across a temporal history, where one or more notes are played
in succession. In Western tradition, for instance, this informa-
tion is often summarized in the staff, a set of five horizontal lines
that show how the pitch changes over time (see Figure 1B un-
der “forward problem” for an example). If music is performed,
for instance, on a piano, the performer can deduce from the in-
formation in the staff what key to hit and at what time. For digital
methods in music analysis and performance, each note can be
assigned an identification number that designates a key on a pi-
ano, and that is associated with a certain fundamental fre-
quency that defines its pitch. In the MIDI format commonly
used for digital analyses of music there are 128 unique notes,
from 0 to 127 (e.g., note number 69 is A4, concert pitch, reflect-
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fect music has on humans is the emer-

gence of a multitude of factors, such as

the sequence, timing, and volume of the
notes played, and rendered more sophisticated once multiple
note sequences are played jointly or in certain intersecting pat-
terns (e.g., in classical music, we may have dozens of streams
of intersecting players). Proteins are physical manifestations of
certain types of genetic information. In this process, genetic se-
quences are information carriers that are transformed, through
messenger RNA, into protein products. These strings of infor-
mation are one-dimensional sequences that are read out by
the ribosome through which, in a chemical process, protein
segments are created by assembling amino acids (each amino
acid defined by three DNA “letters”) that thereby reflect the
structural definitions encoded in the original genetic sequence.
There are 20 naturally occurring amino acids, and by arranging
these in complex patterns a myriad of distinct biological, chem-
ical, and physical properties are obtained. More complex func-
tional units can be obtained once multiple proteins interact;
either to form filamentous materials (e.g., collagen, amyloid
fibrils, actin, intermediate filaments, etc.) or when they engage
with other proteins to form complexes where multiple building
blocks interact synergistically to achieve a set of functional out-
comes. This brief summary of the characteristics of music and
protein sequences reveals that both are deep reservoirs of
coded information that reveals itself at multiple scales and in
multiple modalities. Furthermore, both sets of information
resemble a transformation from low encoding space to high-
dimensional functional space; and where optimization to
achieve certain outcomes has occurred over a long period of
time. In music, this has happened for at least thousands of
years in humans when strictly considering what we refer to as
“music” today, but more broadly when understood as the use
of sound as a communication tool for billions of years). In the
case of proteins, such adaptation has happened for billions of
years and there are multiple length and time scales that evolu-
tionary processes have considered—such as the immediate
survival of an individual vs. the success of a species or group
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Figure 2. Overview of the translational algo-
rithm, based on a set of four neural networks
The model consists of two generators A2B and B2A,
and two classifiers D and Dg (A). These are used to
construct a cycle-consistent neural network archi-
tecture and loss function (B). Detailed loss function
definitions are provided in the experimental pro-
cedures. The generator nets translate information
from one domain to another, whereas the discrimi-
nator neural nets are trained to determine whether
the translations appear as “real” samples from the
domains A and B, respectively.

Real/fake

notes. Conversely, only music with 20 or
less unique notes could be translated
into protein sequences. Moreover, the
approach completely misses any larger-
scale functional relationships that delin-
eate how patterns (at different scales or
hierarchical levels of information: e.g.,

Real/fake

> A2B » B2A N

Identical?

higher-order multiples) relate. And look-
ing to other types of information modal-
ities, many of these choices cannot be
justified or lack complete rationale in
terms of the physical world (e.g., lan-
guage, or design principles, do not exist

‘ pairs of amino acids, pairs of notes, and

TKAGSTYALKTTYAIIH —

B2A > A2B

of species. Some protein motifs have been discovered multiple
times, independently, and others have been conserved into
multitudes of animal families.

Earlier work®® has attempted to map music with amino acid
sequences by assigning a unique musical note to each amino
acid, whereby the ordering of the association of the note-
amino acid pairing was accomplished based on a calculation
of the normal mode frequencies. Lower normal mode fre-
quencies associated with certain amino acids were associated
with lower musical notes and vice versa.?” A unique associa-
tion between all notes and amino acids was then developed
using molecular mechanics principles, which enabled a direct
translation of sequence data and even coding for higher-order
structural detail. However, this approach has several short-
comings. These include the fact that mappings in the earlier
work were constructed using normal mode frequencies, which
may or may not have a mechanistic association with certain
musical notes or progressions of multiple notes, as it is based
on a choice to define an association mechanism. Furthermore,
the number of unique notes or amino acids is limited by the
minimum of the number of unique building blocks in each
domain. Since there are only 20 unique amino acids, it was
only possible to translate these into music with 20 unique

in a physical sense but are mathemati-
cally abstract entities). These are signifi-
cant limitations that precluded a broader
use of cross-domain translations from an
engineering science perspective and are
indicative of many other, similar prob-
lems that could not yet be solved using
conventional methods.

A key reason why such translations have been challenging
thus far is the high degree of complexity that different represen-
tations have in their own right, let alone the relationships
between sets of them. We address these shortcomings and pro-
pose a fundamentally distinct way to think about this problem.
First, we remove any preconceived notion about a building-
block-level association between the two domains because it
likely misses higher-level mechanisms of translations as well
as other limitations discussed above. Also, a true translational
mechanism would allow one to translate a sequence from one
domain into another, and back, with cycle consistency to ensure
that no information is lost during multiple forward and backward
translation steps: A - B - A’=A,and B — A — B’ =B. Finally,
a formulation that is broadly applicable should work on any kind
of data and modalities (sequence, vibrations, continuous data,
field data, images, or voxels, etc.) as long as it is measurable
and can be collected and made machine readable to form
“buckets” of information that form the basis for the discovery al-
gorithm (Figure 1A).

To achieve these goals, we develop a method to discover
these relationships for translation directly from data, without
any knowledge of paired relationships or an underlying phys-
ical law or known principle. We hypothesize that this sort of

TKAGSTYALKTTYAIIH
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Figure 3. Architecture of the generator neural networks, from sequence input (lower left corner) to output (upper right corner), forming a hi-

erarchical structure

The model consists of a combination of self-/cross-attention and convolutional layers, arranged in multiple blocks. The input sequence, for the problems treated
here a 1D sequence, is processed via an embedding block that encodes the sequence input (left), providing the input for the hierarchical transformer encoder/
decoder architecture. The sequence input and output have the same dimension to facilitate cycle-consistent losses.

problem can be addressed using the principle of self-attention
and cross-attention,”®° and the use of cycle-consistent
loss functions.>"** Cycle-consistent loss functions have
been used successfully in earlier work to achieve translations
between domains where no knowledge of input-output pair-
ings exist, despite a relationship that is “hidden” in the data.
Furthermore, a proper deep learning model must be con-
structed that has the learning capacity to discover extremely
complex cross-domain relationships. The development of
these aspects, and a validation of the approach, is presented
in the next sections.

RESULTS AND DISCUSSION

We design a sophisticated deep learning framework that con-
sists of four individual neural networks. Figure 2 shows an over-
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view of the game-theory-based adversarial neural network
approach used here, based on the set of four neural networks:
two generators A2B and B2A, and two classifiers D and Dg (Fig-
ure 2A). These are used to construct a cycle-consistent neural
network architecture and loss functions (Figure 2B, experimental
procedures).>' =3 Detailed loss function definitions are provided
in the experimental procedures section, along with the associ-
ated discussion for further details. Figure 3 shows the architec-
ture of the two generator neural networks, from sequence input
(lower left corner) to output (upper right corner). The model con-
sists of a combination of self-/cross-attention and convolutional
layers, arranged in multiple blocks, to facilitate a deep learning
capacity for highly complex relationships within and across
modalities embedded in each of the modalities. The input signal
is processed via an embedding block that encodes the
sequence input (left), then providing the input for the hierarchical
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Figure 4. Architecture of the discriminator neural networks formulated as a patch-style classifier, from sequence input (lower left corner) to

output (upper right corner)

The model consists of an embedding block that encodes the sequence input (left), which is then processed in a multi-layer self-attention block (right), yielding the

output.

transformer encoder/decoder architecture, ultimately yielding
the translated output signal. The input and output have the
same dimension to facilitate cycle-consistent losses, as the
method must be able to translate forward and backward, as
well as cycle translations. Similarly, Figure 4 depicts the
architecture of the discriminator neural networks formulated as
a patch-level classifier, from sequence input (lower left corner)
to output (upper right corner). The model consists of an embed-
ding block that encodes the sequence input (left), which is then
processed in a multi-layer self-attention block (right), yielding
the output. It is noted that for a high-complexity problem as
treated here, the design of these four neural network architec-
tures is critical. As described in detail in the experimental pro-
cedures section, a deep multi-layer attention-based neural
network architecture is designed so that it has a large capacity
to discover complex relationships across the data modalities
and accurately characterize their features via a patch-style clas-
sifier architecture.

We now apply this neural network architecture to a series of
simple problems. The sample problems are created with the
objective to probe specific aspects of the translation challenge,
whereas the choices of the numerical parameters in the equa-
tions defined below are not critical. First, we consider simple
problems for which we know the relationship between the two
modalities with the objective to test the approach and validate
its function. Then, we generalize the task and apply the approach
to a dataset with unknown relationships. Figure 5 shows the de-
tails of several simple sample datasets to test the method devel-
oped here. We refer to data 1 as x and data 2 as y in the discus-
sion of these datasets, reflecting the two domains of
representation (referred to as A and B above). Figure 5A, case
1 shows the input and output data. First, data 1 are generated
by picking alternating integer numbers 1 and 2, whereby each
block of 1s and 2s is repeated n; times (n; sampled uniformly
from the set {6, 7, ..., 23, 24}). This sampling is repeated until
we reach a sequence of length maxiengin. Data 2, y, features a

Patterns 4, 100692, March 10, 2023 5
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Figure 5. Simple sample datasets used to test the method developed here

(A) Case 1: input and output data (data 1, data 2, respectively) feature a simple mathematical relationship (shifted, negative multiplied token values). The input is
generated based on alternating values repeated n times, where n is a random number.

(B) Case 2: a sinusoidal relationship between data 1 and data 2, realized using a simple power law that is executed element-wise.

(C) Case 3: like in case 2, input and output data (data 1, data 2, respectively) are mathematically related, but here we deal with a step function. (D), (E), and (F) show

a statistical analysis of the tokens in the two datasets.

simple mathematical relationship to data 1, x, where they are
shifted, negative multiplied token values:

y=a-x (Equation 1)

where a = 12, leading to alternating values between 10 and 11
(whereas y = 10 is associated with x =2 and y = 11 is associated

with x = 1). As shown in Figure 5D, a histogram of the data shows

6 Patterns 4, 100692, March 10, 2023

that both data 1 and data 2 feature the same number of tokens
and the same distribution.

Figure 5B, case 2 shows the second example, a sinusoidal
relationship between data 1 and data 2, realized using a simple
power law that is executed element-wise:

X = psin (é 77) i = 1..MaXength (Equation 2)
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Figure 6. Results of the computational experiments based on the datasets described in Figure 5

The analysis is carried out for the three cases case 1 (A), case 2 (B), and case 3 (C). In each column, from top to bottom, the rows show: (1) sample translations
from data 1 to data 2, (2) sample translations from data 2 to data 1, (3) a cycle of translation from data 1 to data 2 back to data 1, and (4) a cycle of translation from
data 2 to data 1 back to data 2. The first two rows elucidate how the model designates translations. For all cases, the translation captures the mathematical
relationship used in the creation of the dataset. The cycle mappings (rows 3 and 4) are conducted perfectly without error. Figure S5 shows a statistical analysis for
the predictions from the test sets, revealing close agreement with the original data distributions shown in Figures 5D-5F.

and

y = x’+a (Equation 3)
where a = 2, p is sampled uniformly from the set {1, 2,3} and g is
sampled uniformly from the set {2, 3, ..., 15, 16}. Now, the statis-
tics of the input and output data is different, as shown in Fig-
ure 5E, where both the number of tokens and the distributions
are distinct.

Figure 5C, case 3 is similar to case 2 where input and output
data (data 1, data 2, respectively) are mathematically related,

but here we deal with a repetitive step function that is generated
based a periodic variation of input tokens 1, 2, 3, 4, 5, each
repeated n; times (each n; is sampled uniformly from the set {6,
7, ..., 15, 16}). Then, similar to what was defined in Equation 1,
here we use:

y =x"%+a (Equation 4)
where a = 2. In this case, the two sets of data have the same

number of tokens but a different distribution, as can be verified
in Figure 5F.

Patterns 4, 100692, March 10, 2023 7
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(A) Statistical analysis of the note and protein datasets, showing histograms of
the input tokens.

(B) Reconstruction accuracy, over training steps, for validation samples that
were not included in the training. The reconstruction accuracy measures how
accurate cyclic reconstructions are (music to protein to music and protein to
music to protein). The overall accuracy reaches ~0.95.

Figure 6 depicts the results of the computational experiments
based on the datasets described in Figure 5 (for the three cases
case 1, Figure 6A; case 2, Figure 6B; and case 3, Figure 6C). In
each column, from top to bottom, the rows show: (1) sample
translations from data 1 to data 2, (2) sample translations from
data 2 to data 1, (3) a cycle of translation from data 1 to data 2
back to data 1, and (4) a cycle of translation from data 2 to
data 1 back to data 2. The first two rows elucidate how the model
designates translations. For all cases, the translation captures
the mathematical relationship used in the creation of the dataset,
as defined in the equations above. The cycle mappings (rows 3
and 4) are conducted perfectly, without error. For further valida-
tion from a statistical perspective, Figure S1 shows a statistical
analysis for the predictions from the test sets, revealing
close agreement with the original data distributions shown in
Figures 5D-5F.

As a first step toward a more complex, unknown translational
problem, we consider the case presented in Figure S2. Shown

8 Patterns 4, 100692, March 10, 2023
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therein is a similar translation problem as those depicted in Fig-
ures 5 and 6. However, in this case, we use data from two
randomly generated, independent distributions that do not
have any known relationship but feature a similar characteristic
(it can be verified visually via the graphs shown in Figure S2A).
In this case, data 1 is generated by picking alternating integer
numbers 1 and 2 that define the input tokens, whereby each
block of 1s and 2s is repeated n; 1 times (n;  sampled uniformly
from the set {6, 7, ..., 23, 24}). Data 2 is constructed in the same
way, except that we use alternating integer numbers 8 and 10
that define the tokens used, which are then repeated n;, », times
(n; 2 sampled uniformly from the set {6, 7, ..., 23, 24}; noting that
n;; are independently sampled). Figure S2B shows the results
akin to the data depicted in Figure 6, revealing the translational
mechanism that the model has discovered in order to translate
between the two modalities. Even though we have not used a
direct mathematical relationship between x and y, the model
has identified an adequate translational mechanism, similar
as the one defined in Equation 1, but featuring a slight variation
given the fact that the original data varies between 1 and 2 and 8
and 10, respectively:

y=a-2x-1) (Equation 5)
where a = 10.

This result, having discovered a translational principle be-
tween two modalities of information, is important to set the stage
for the next computational experiments for the music-protein
dataset.

Figure 7A summarizes a statistical analysis of the music and
protein datasets, showing histograms of the input tokens. Both
the number of tokens and the distribution is distinct between
the two datasets; but based on the experiments discussed
in the previous paragraph we hypothesize that that the method
can still be applied. Indeed, the model is able to identify suitable
translations between these two distinct sets of information. Fig-
ure 7B shows the reconstruction accuracy, over training steps,
for validation samples that were not included in the training.
The reconstruction accuracy measures how accurate cyclic re-
constructions are (music to protein and back to music and pro-
tein to music back to protein). This is a measure for how well
the model can encode information across modalities, and how
much information is lost during the translations. The overall ac-
curacy, calculated over a validation set, reaches ~0.95, which
indicates excellent performance. The behavior of the loss
functions during training is depicted in Figures S1 and S4, which
show learning rates for generators and classifiers over
training steps.

Digging deeper into the results, Figure 8 now shows sample
translations from music to protein, from protein to music, and
complete reconstruction cycles, for two representative cases
(all performed using a set of validation samples that were not
included in the training). The statistics of the input and output,
as shown by the analysis in the right panel of each case, are
well reproduced. This shows that the overall reconstruction ac-
curacy, the specific translations, and the statistics innate to
each protein or musical design, perform well. For a more global
analysis of the behavior, Figure 9 depicts statistics of the orig-
inal data, recovered data, and generated data. The statistics
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Figure 8. Sample translations from music to protein, from protein to music, and complete reconstruction cycles

The results are shown for two representative cases depicted in (A) and (B) (for validation samples that were not included in the training). The statistics of the input
and output, as shown by the analysis in the right panel of each case, are well reproduced. There are additional features in (B) that are of interest, such as how
continually rising or falling note sequences are translated. The context for this aspect is particularly intriguing when considering the sequence direction of proteins
vs. that of music; where retrograde counterpoint is a means by which melodic fragments are inverted with respect to time. A detailed look at the datain (B) reveals
that rising or falling note sequences, for instance, are not translated with regard to protein data with similar characteristics but rather encoded in more complex

intricate patterns. Similar considerations apply to the data shown in Figure S6.

are calculated over 1,024 validation samples that were not
included in the training. By comparing to the original statistics
(blue in each case), it can be seen that the statistical properties
are well preserved, both in the reconstruction (orange) and in
the generation novel designs (green), in each domain. Both mu-
sic data and protein data show similar performance, overall.
There are additional features in Figure 8B that are of interest,
such as how continually rising or falling note sequences are
translated. The context for this aspect is particularly intriguing
when considering the sequence direction of proteins vs. that
of music; where retrograde counterpoint is a means by which
melodic fragments are inverted with respect to time. A detailed
look at the datain Figure 8B reveals that rising or falling note se-
quences, for instance, are not translated to protein data with
similar characteristics but rather encoded in more complex
intricate patterns.

Now that we have established that the model can appropri-
ately conduct translations in both directions, we test the
approach for a protein design application. In this application
we seek to design new protein sequences that can then be

explored using protein folding methods and molecular modeling.
To demonstrate the concept, we pick a sequence of music from
the validation set and translate it into the corresponding protein
sequence. Figure 10 shows the results of this experiment. We
also examine the corresponding all-atom 3D protein structure
obtained based on the sequence predictions using AlphaFold
2. To complement the analysis, Figure S5 displays a histogram
of distributions of notes and amino acids, respectively (these are,
indeed, similar to the data shown in Figure 8 for the earlier exam-
ples, with similar performance as seen in the earlier example).
Similarly, Figure S6 shows translation data of the results shown
in Figure 10. Audio files A1 and A2 feature the corresponding
audio files (Audio A1, source music; Audio A2, prediction music
generated from protein). A third audio file A3 is presented where
the two sequences are played on the left and right channel,
respectively, staggered by a 1/8" note to offer clear audible
recognition of each note signal, respectively. Such experiments
can yield interesting insights into the type of musical structure
produced when the original Bach music is mingled with the mu-
sic generated from proteins. Figure S7 depicts an illustration of
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Figure 9. Statistics of the original data, recovered data, and gener-
ated data for both modalities, music and proteins

Results for (A) music and (B) proteins. The statistics are calculated over 1,024
validation samples that were not included in the training. Because we are
considering a large number of samples, the overall statistical qualities of the
two datasets are uncovered here, similar to what is shown in Figure 7. This is
different from the analysis in the right panels of Figures 8A and 8B, where
particular features of specific protein or musical data were captured.

the translation in their final receptive domains; here, protein ge-
ometry in 3D space (left) to frequency data in 2D frequency-over
time space (right).

Various associated PDB files are also attached in the sup-
plemental information. We analyzed the predicted protein
sequence and did not find any hits using the basic local align-
ment search tool (BLAST),*® suggesting that the designs
generated were not (yet) identified by natural evolutionary prin-
ciples. To test the stability of the protein generated from music
data, we conduct explicit water molecular dynamics simula-
tions (Figure S8A). Results are shown in Figure S8, revealing
that the protein structure remains stable. Figure S8B shows
snapshots of the protein structure across the molecular
dynamics (MD) simulation, confirming that no major change
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occurs. Figure S8C shows per-residue root-mean-square
displacement (RMSD) values comparing the final step to the
first step as reference; showing that no region undergoes un-
folding and that the protein simply equilibrates. Figure S8C de-
picts a visualization of the data shown in Figure S8D from two
distinct angles for overall perspective. Finally, Figure S8E
shows the overall RMSD over the entire trajectory, and Fig-
ure S8F depicts the number of H-bonds over the simulation
trajectory, showing that no local unfolding occurs as the num-
ber of H-bonds remains approximately constant. Future
experimental work for this and other proteins could be carried
out to affirm these results in a laboratory setting. Other
computational experiments may be conducted to explore
how different musical passages relate with certain protein
structures and functions, and whether or not they may be
combined with natural protein designs.

Conclusion

In this paper we report the AttentionCrossTranslation model,
which enables us to create translations between disparate do-
mains of information modalities. Facilitated by four trans-
former-based neural network architectures, we conducted first
a translation of simple patterns, then expanded it toward trans-
lation from musical scores to proteins, and vice versa. The
method successfully learned translational relationships, as
shown in Figures 6, 8, and 10, and with more results shown in
Figure S7.

The general mechanism of developing translational relation-
ships between sequence data can find applications in various
science and engineering domains, including other types of
sequence data (e.g., DNA), a subset of proteins, or a variety
of signals sourced from natural systems including animal
tracking data or evolutionary patterns. It may also help us to
understand how proteins change over generations of muta-
tions and across species, enabling the identification of the
role of conserved and more highly variegated structural
principles.

While we have shown that the model can correctly identify the
correct principles for systems that were constructed based on
mathematical principles (Figures 5 and 6), we do not know
the correct translational principles for music-to-protein transla-
tions. While this can be viewed as a limitation, it does open the
door for novel protein designs. We studied several of the se-
quences generated from Bach’s music, and did not find any
hits using BLAST,*® suggesting that the designs are novel and
do not exist in nature yet stable as confirmed via explicit solvent
MD simulations. The spectrum of novel protein designs made
accessible through the tool developed in this paper deserves
future investigations, especially whether these proteins can be
synthesized experimentally and what functions they would
have, and what their uses may be in the medical or biolog-
ical fields.

Other opportunities for future research work include the
consideration of multi-dimensional features of musical data,
such as timing, dynamics, and note length. These can, in princi-
ple, easily be added in the embedding dimension—simply
generating a deeper tensor to be processed by the neural net-
works (the method can directly be used for higher-dimensional
data with more than one dimension). It would be interesting to
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see how protein data—which feature identical parameters for
each constituting building block—are translated into music-spe-
cific features that include additional dimensions of expression.
This can also include specific human characteristics; where
research could explore how distinct human players provide
unique features in timing and dynamism and how that translates
into distinct architectural and functional relationships across
manifestations. For instance, would a Bach suite played by
Glenn Gould yield a different protein than a Bach suite played
by Yo Ma? Such analysis may shed more light into the deeper as-
pects of how, and what kind of, information is carried through
performance aspects as opposed to the “clinical” transcription
of music in scores.

Another interesting exploration can be temporal direction.
Protein data are read and transcribed from the C- to the N-ter-
minal. While music data in a staff are also read in a certain
direction (e.g., left to right) there are musical methods that
reverse parts of note sequences, such as defined by the distinct
mechanisms by which counterpoint is created. In particular,
retrograde (a melody is played backward) and retrograde in-
verse (@ melody is played backward but also inverted with
respect to the pitch), are examples for such transformations.
Since the Goldberg dataset used in this work reported here
already includes all these mechanisms, including retrograde
counterpoint, it is already part of the corpus of data used for
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Figure 10. Molecular modeling analysis of
the predicted protein structures based on
musical data

(A) Predicted protein structure, based on two
translations, for validation samples that were not
included in the training. Figure S3 shows a histogram
of distributions of notes and amino acids, respec-

FKGVADFNWHYWQLANKION

TLG
tively. Audio files A1 and A2 feature the corre-

sponding audio files (Audio A1, source; Audio A2,
prediction; and Audio A3 a staggered overlay of the
data presented in A1 and A2).

(B) Predicted protein structures for part of the
sequence predicted in (A). Five corresponding PDB
files are provided as supplemental information.

discovery and future work could easily
build on this (see also a preliminary dis-
cussion of this question surrounding the
data depicted in Figure 8).

Future work could also explore other
datasets. We already used a diverse set
of unique protein sequences as defined
via the NetSurf dataset; however, the
musical data were limited to the corpus
of concepts developed in the specific
piece considered here (J.S. Bach’s Gold-
berg Variations). It would be interesting to
explore other musical datasets, different
genres of music, or different pairings of
data altogether. It is believed that there
exist a large number of impactful applica-
tions of the concept and many follow-up
studies that can take advantage of the
convergent use of disparate knowledge
bases including rigorous connecting principles between art
and science.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources and reagents should be
directed to and will be fulfiled by the lead contact, Markus J. Buehler
(mbuehler@MIT.EDU).

Materials availability

No materials were generated since this is theoretical and computational work.
Data and code availability

Data and codes are available on GitHub (https://github.com/lamm-mit/
AttentionCrossTranslation and https://doi.org/10.5281/zenodo.7529195).

Dataset generation
The examples shown in Figures 5 and 6 are created based on synthetic data-
sets, where we use simple mathematical relations (delineated specifically in
Figure 5) to construct known relationships between the two domains. The input
and output sequences are of length maxength = 128 for the validation problems
(Figures 5 and S2) and maxjength = 256 for the protein-music translations.
The other results presented here are based on more complex datasets, as
summarized here. The protein dataset is extracted from the NetSurf dataset
of unique protein sequences.*® We randomly draw ~15,000 sequence parts
of 256 amino acid length from the entire dataset. We ensure that all sequence
parts contain exactly 256 amino acids (albeit the model is set up to handle par-
tial sequences of lesser length by masking out unused input tokens). To
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Table 1. Transformer architecture details

Table 2. Loss function details and parameters

Generator models

Embedding dimension source data 256
Positional encoding embedding 128
dimension

Ndepth

Nblocks

Neonv 3 (kernel size 3, 6, 9)
Maximum sequence length 256
Latent dimension 512
No. of latents 64
No. of latent self-attention heads 16
No. of cross-attention heads 1
No. of input/output tokens 57
(maximum no. of tokens in the

protein data and music data)

Attention and feedforward dropout 0.15
Discriminator models

Embedding dimension source data 32
Positional encoding embedding 32
dimension

Nconv 4 (kernel size 3, 6, 9, 12)
No. of self-attention heads 8

The generator models have 80,125,207 parameters, and the discrimina-
tors 3,015,090 each.

represent protein data in a machine-readable manner, a tokenizer is trained to
associate one-letter amino acid characters in FASTA format with tokens. The
inverse of the resulting dictionary is used to convert predicted tokens into an
amino acid sequence in one-letter amino acid codes.

The music dataset is extracted from J.S. Bach’s Goldberg Variations.
Its choice is based on the systematic compositional technique used to
generate the music, following mathematical principles and human choices.
To do this, we translate all parts of the original composition to a MIDI file,
then convert the MIDI file into tokenized sequences (the MIDI note number
scheme is used as a tokenizer to relate the pitch of musical notes to a num-
ber (the MIDI note number is an integer between 0 and 127). We then
randomly draw ~15,000 sequence segments of 256 note lengths from the
entire dataset.

As described in Figures 3, 4, and 5 and the associated neural network
design, embedding layers are used to process the discrete integer input into
a higher-dimensional representation.

Figure 7A depicts a histogram of the music and protein data, respectfully,
showing the distribution of the tokens. Music and protein data have a different
number of total tokens, with a different distribution.

During training, we randomly select a batch of each of the two datasets at
each step, for calculation of losses, gradients, and updating of the neural
network parameters via backpropagation. This process is continued until the
training is completed.

37,38

Design of the neural network architectures in the
AttentionCrossTranslation model

All code is developed in PyTorch,*® with the exception of the tokenizer that is
designed and trained using TensorFlow Keras.’® We use a cycle-consistent
adversarial neural net architecture,®'~* as shown in Figure 2. Generator A2B
transforms data from modality A (e.g., music) into data in modality B (e.g., pro-
teins) (note: the approach is illustrated for the music-protein example here but
can be generally applied to any modality A, B). Conversely, generator B2A rep-
resents the opposite translation. Using adversarial training, A2B learns to
generate sequences that resemble realistic proteins, and a discriminator Dg
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ACYCLE,AB 10
ACYCLE,BA 10
Ap,AB 1
Aip,BA 1
AGAN,AB 1
AGAN,BA 1
Apisc 0.5

aims to distinguish between generated protein sequences Xg = A2B (xa)
and real protein sequences xg. At the same time, B2A learns to generate
musical sequences that resemble real musical data, and the discriminator
Da aims to distinguish between generated music Xa = B2A(xg) and real music
XA-

With x; and x; denoting the real field and approximate, predicted data,
respectively,

A2B (xa) = Xs (Equation 6)

and

B2A (xg) = Xa. (Equation 7)

Classifiers Da/Dg are trained to determine whether proteins or musical se-
quences are real or fake. In the adversarial training of this cycle-consistent
neural network, the generator gets better and better at producing realistic
data that can no longer be distinguished from real ones (and vice versa).
This is achieved by training the model to feature cycle consistency in both for-
ward and backward direction, that is:

B2A (A2B(Xa)) = Xa=Xa (Equation 8)

and

A2B (B2A(Xg)) = Xg =Xg. (Equation 9)

We also train the model to ensure identity loss, that is,

B2A(Xa) = Xa=Xa (Equation 10)

and

A2B (xg) = Xg=Xg. (Equation 11)

Equations 10 and 11 signify that if real musical data are provided to gener-
ator B2A, the same musical data are produced (or equivalently other data mo-
dalities). Similarly, once protein data are provided to A2B, the same protein
data are produced.

A set of A parameters is introduced to weigh the relative contributions of the
losses (discriminator loss, cycle consistency loss, and identity loss). We use L2
loss functions for the discriminator losses, and cross entropy loss functions for
the cycle consistency loss and identity loss. The method can easily be adapted
to use L2 loss functions for the data translations in cases where floating point
data sequences may need to be used.

Table 1 shows overall details of the architecture of the four neural networks
used in the adversarial attention architecture presented here, following the
construction principles described in Figures 3 and 4. In both types of models,
the embedded sequence is processed via a series of conv layers, each oper-
ating on a deeper realization of such convolution processing but concatenated
to the output to yield a series of skip connections. We also add positional en-
coding, realized using a learnable encoding based on ordinal assignment of
positional identities for each sequence element (1 ... MaXengn +1) and en-
coded using a separate embedding layer.

Generator neural network

Following the schematic displayed in Figure 3, the generator neural network
is constructed based on a series of perceiver attention blocks whereby the
input data are processed into a latent space (see Table 1 for details) via
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cross-attention, then processed using a series of self-attention steps. Each
attention step consists of the attention operation and a conv layer, followed
by layer normalization®' and a feedforward MLP block; each repeated Ngeptn
times. Skip connections are added between each attention step and the feed-
forward block. The perceiver architecture is arranged in a series of Npjocks tO
realize hierarchical processing.

Discriminator neural network

With the schematic displayed in Figure 4, the discriminator neural
network is constructed based on the same input processing as the
generator models. However, the output is processed in parallel using a
self-attention block (each repeated ngeptn times) and a series of conv
layers that downsample the embedded input sequence. The results of
the self-attention operation and the conv downsampling are both normal-
ized using instance normalization*” and then concatenated, yielding the
final output that features a smaller dimension in the vein of a patch
classifier.”> The discriminator is designed to feature a combination of
convolutional and attention mechanisms; to capture both patterns and hi-
erarchical structuring but also very long-range relationships.** Since we
are dealing with sequence data, all conv operations used are 1D convo-
lutional layers.

Cycle consistency losses are weight by Acycie, and the identity loss by Ap
(for details see Table 2). This strategy ensures that the model not only learns
how to generate data that “look like” the required output, but specifically re-
quires that the mapping in both forward and backward direction is satisfied.
This is critical for the problem solved here.

Training and validation

We use an Adam optimizer*® with 8 = (0.5, 0.999). Training is done with a batch
size of 4. The learning rate history (warmup steps and exponential decay) is
visualized in Figure S2.

Protein folding

Protein folding is used to predict 3D structures of the predicted sequences.
We use Alpha Fold 2°* to conduct these experiments, using the Colab-Fold
implementation.*® We use the pdb70 template set, and MMsegs2 (UniRef
and Environmental), using three cycles. The highest prediction is used for
the analysis in this paper. The IDDT score is generally much higher for the
original protein sequences (reflecting the fact that the proteins have been
sourced from naturally occurring sequences). The designed protein
sequences tend to have a low IDDT score due to the fact that there are no
natural analogs; however, all samples folded well and arranged into well-
packed and well-arranged structures.

Music and audio analysis

The audio files are rendered using Ableton Live,*” whereas audible signals are
created using a physical model of a harp-like instrument using the Tension
model in Ableton Live, with subtle reverb added. The melodic spectrogram
showed in Figure S7 is generated using Sonic Visualizer.*®

MD analysis and protein data analysis and visualization

We use NAMD Scalable Molecular Dynamics with GPU support*® with a suit-
able CHARMM protein force field to test the stability of the folded protein pre-
dictions. We use TIP3 explicit water solvent, add ions to achieve charge
neutrality, and use the CHARMM 36 force field.*° All preprocessing is done
in visual molecular dynamics (VMD),*" and visualization is performed in VMD
and PyMol.>? We choose an NPT ensemble with periodic boundary conditions,
zero pressure, and T = 298 K for 5 ns, executed after 1,000 steps of energy
minimization.

Software versions and hardware

We use Python 3.8.12, PyTorch 1.10 with CUDA (CUDA version 11.6), and an
NVIDIA RTX A6000 with 48 GB VRAM for training and inference.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.
patter.2023.100692.
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