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Abstract

Multiple sequence alignment is one of the primal problems in biology and bioinformatics. The
question of how to correctly align multiple sequences is crucial for many different other fields of
research, e.g. gaining information about the evolutionary distance of two or more sequences and
therefore about their corresponding species, finding protein targets for drugs, or finding a drug
for a certain target protein.

Reinforcement learning, and especially deep reinforcement learning, has become popular in
recent years. To name just a few, DRL has shown major success in complex games such as Atari
Games, Chess, and Go. The underlying model of reinforcement learning are Markov decision
processes.

The multiple sequence alignment can be represented as a Markov decision process in several
ways. In this thesis, we focus on the easiest one (introduced by Mircea et al.) and apply several
different algorithms from both tabular reinforcement learning and deep reinforcement learning.
We compare our results to other work that also tried solving the multiple sequence alignment
problem with reinforcement learning, as well as to other state-of-the-art tools that are widely
used in bioinformatics.

We find we can outperform the existing reinforcement approaches by far and partially even
compete with the state-of-the-art tools.
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Introduction

Multiple sequence alignment is one of the most important open fields in bioinformatics because it
has applications in nearly every other field of bioinformatics research. The most striking example
is phylogenetic trees that are used to describe the evolutionary distance between species. The
distance between species can be measured relative to the number of similar or dissimilar patterns
between sequences of the species [1]. Computing the similarity of a pattern can be performed on
both the protein sequences and the DNA sequences of species, because both give information on
evolutionary changes in the sequences.

Another application for multiple sequence alignments is the field of drug design and drug
development [2]. In those fields, multiple sequence alignments are often performed between a
mixture of sequences. For some sequences of the mixture, the secondary structures or functions
are known for the other sequences these informations are unknown. Multiple sequence alignments
are then used to align similar regions of those sequences together based on sequences information.
These regions are said to have similar secondary structures or similar functionality, so from
sequence information, information about the secondary structure or the functionality are inferred
[3].

Classical approaches often define a biological fine-tuned scoring function to score alignments.
Along this scoring function, the alignments are then optimized to reproduce the true biological
relationship between the sequences. Those tools often use classical optimization techniques
like dynamic programming. Based on “true”, hand-crafted and hand-optimized solutions for
alignment problems, the solution of different tools on the same problem can be evaluated and
compared [4, 5, 6].

Aside from those classical approaches, some new ideas utilize techniques from machine learn-
ing to find good or optimal alignments. Reinforcement learning provides techniques to solve
singleplayer or multiplayer games by learning and interacting in a Markov decision process. The
main idea in such settings is to have a try-and-error-agent that learns by interacting with the
environment [7]. Using these techniques, some astonishing results have been achieved in various
fields. Examples are Google DeepMind artificial intelligence for Atari Games [8], AlphaZero
programs revolutionized how to play computer Shogi, Chess, and Go [9], and finally, AlphaFold,
which won the CASP13 competition [10], a comparison of different protein folding prediction
programs that tries to find the correct fold of a protein structure [11].

There are already approaches that apply reinforcement learning to the problem of aligning
multiple sequences. They use many different algorithms and Markov decision processes to tackle
the problem. The best of these approaches come from Mircea et al. [12], Jafari et al. [13],
and Edelkamp et al. [14]. All of those approaches we briefly discuss in chapter 3. Besides the
algorithms of the papers, we test many other algorithms from the field of deep reinforcement
learning.

The existing papers on reinforcement learning methods for multiple sequence alignment have
several drawbacks like no freely available source code, only one optimized score, and poor com-
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parison with little significance, because the tests are not very extensive. We discuss those points
in chapter 3 but they generate the need for more comparison with stronger significance and other
scores to optimize.

None of the papers discusses their results in the context of the optimal alignment for a
problem. But this is crucial because the SP-scores used for optimization are very different
between the classical approaches. And, except one, none of the papers uses protein sequences
to compare the performance, but the classical approaches are specially designed for protein
alignments. So, there is a need for a comprehensive analysis of the performance and potential
reinforcement learning has in the field of multiple sequence alignments.

In this thesis, we try to give this comprehensive analysis and offer a variety of interesting
and promising ideas for future improvements of reinforcement learning approaches on multiple
sequence alignments. We focus on the easiest Markov decision process proposed by Mircea et al.
[12] for the multiple sequence alignment problem which is maybe not optimal but at the moment
for larger problem instances is the only feasible one. With this model, already some algorithms
have been tested that we review and compare. In addition to this, we implement other algorithms
from reinforcement learning to provide a more broad overview of the performance and possible
differences in the performances of different algorithms.

The rest of the thesis is structured as follows. We first introduce Markov decision processes
and define some notation. Then we give an introduction to multiple sequence alignments and
how the Markov decision process we use is structured. In the fourth chapter, we describe all
algorithms from reinforcement learning we use to tackle the problem. In the fifth chapter, we
then see how the agents perform on different sequence alignments and compare the results to
other tools in this field.
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Chapter 1

Basics

In this chapter, we briefly discuss some basics for this work in both fields covered in this thesis.
First, we start with the definition and some properties of Markov decision processes and how
they can be solved by policies. The last section gives an introduction to biological sequences and
some of their properties.

1.1 Markov Decision Process

Most of the environments where reinforcement learning is applied are based on Markov deci-
sion processes. These processes are discrete-time stochastic processes that are used to model
decision-making environments. Using a Markov decision process, one can solve optimization
problems using dynamic programming. In theory, this is feasible for all optimization problems,
but to compute the optimal solution of larger instances of optimization problems one needs to
approximate the solution because dynamic programming would take too long and is therefore
not practical [7].

Definition 1.1 (Markov Decision Process [15], [7])
A Markov decision process can be defined as a quadruple of the form (S, A, P,R).

1. S: state space containing all possible states of the decision process.

2. A: action space. This contains all available actions of the process and can be defined
depending on the state a Markov decision process is in. This means that if not all actions
are available in a state, the action space for this state is smaller than the action space for
the full Markov decision process.

3. P(s,a,8") : S x A xS — [0,1]: state transition function describing the probability of
reaching the successor state s’ from state s by applying action a.

4. R(s,a,s"):S x Ax S — R: reward function that assigns rewards to state-successor-pairs
based on an action.



Definition 1.2 (MDP Notation)
Some further definitions on the notation needed for the definition of the algorithms we use:

1. T: final timestep at the end of an episode

2. t: running index through the timesteps from 0 to T’

3. r;: immediate reward of step ¢

4. Gy: accumulated return of an environment after time step ¢

The difference between return and reward is explained in section 1.3.

1.2 Policy

Definition 1.3 (Policy)

A policy is an action plan that selects actions in states, this is done by assigning a probability of
performing the action. 7: A x S — [0,1] with 7(a | s) = P[A = a | S = ] gives the probability
of performing the action a in state s. As in the definition of the transition function, a policy can
be deterministic, so P[A =a | S = s] = 0 or 1, or probabilistic.

From a policy two other functions can be derived, the state-value function and the action-
value or Q-function.

Definition 1.4 (State-Value Function [16])
The state-value function that is defined as the expected return of the state s under the policy 7.

T—k—1

Ur(s) = ]EW[Gt | S = S] =K, Z ’Ykrt+k+1 | S¢ =5
k=0

In theory, this equation can be solved optimally according to every policy as one can represent
vr(8) using its successor states.

v(s) =Y mla|s)Y Pl | s al[r+yoe(s)

!
a sl,r

With P[s’,7 | s,a] as the probability of reaching state s’ and getting reward r from performing
action a in state s. This equation is called the bellman equation for v,.

Definition 1.5 (Action-Value Function, also called Q-function [17, 7))
The action-value function or Q-function that is defined as the expected return of taking the
action a in state s under the policy 7.

k—1

T—k—
qTI'(S) :Ew[Gt | St =s5,A; = a] =E, [ Z 'Yth+k+1 | Sy =s541=a
k=0

Similar to the bellman equation for v, presented above, there is also a Bellman equation for ¢,
to compute the optimal action-value function.

qr(s,a) = ZIP[S’,T | s,a] [r +ymax {qﬂ(s',a')}}

The solution of an environment, so the optimal behaviour of an agent in each state of the
environment, is denoted as an optimal policy m.(a | s) = P[A = a | S = s|, where the * denotes
the optimality of the policy. The functions of this policy are denoted as v, (= v, ) and ¢, (= ¢r, ).



1.3 Biological Sequences

Definition 1.6 (Sequence)

A sequence seq is defined as a string over an alphabet Y. For protein sequences this alphabet
contains 20 letters for the 20 amino acids. For DNA sequences holds ¥pya = {A,C,G, T}
representing the four nucleic bases.

Those sequences are then aligned with each other. Because aligned sequences have not always
the same length, so-called gaps have to be inserted in an alignment.

Definition 1.7 (Profile)

We denote an aligned sequence as seq’ and is a string over ¥’ = X U {\ — \}. The gaps, 7 — \,
represent mutations such as insertions and deletions of some bases when altering one sequence
into another. A profile contains at least two aligned sequences and must fulfil three properties:

1. V seqi, seqa € profile : |seq:| = |seqa|
2. V seq’ € profile : seq’ \ ”-¢ = seq
3. B i € #cols in profile : V seq’ € profile : seq, = "-“

The rows of the profile represent the sequences seqi, ..., seq) resulting from the aligning.
In the columns, we find the aligned bases or gaps, one per sequence. The bases in a column
are called “aligned to each other” and represent evolutionary changes or conservations in the
sequence between the according species.

Biological sequences have an orientation. That means, one sequence end is the start, and
the other is the end. For this work, the orientations of the sequences are not important, in
chapter 5 we refer briefly to this orientation for protein sequences. For those, the ends are called
N-terminus and C-terminus according to the chemical structure of protein sequences.






Chapter 2

Multiple Sequence Alignment

Multiple sequence alignment and also pairwise alignments are very important techniques in bioin-
formatics research to find similarities in biological sequences [18]. Similarities in the biological
sense mean that in two or more sequences there are similar patterns of e.g. bases or nucleotides
that are conserved from one sequence or species to another. Multiple sequence alignment is a
basic technique for many analyses performed in bioinformatics, such as the computation of phy-
logenetic trees to display the evolutionary origin of species and how they are related to each other
[1]. Also, computing protein structures of new proteins make use of these techniques [19, 20] and
the process of drug development [2].

We focus in first place on global multiple sequence alignments of DNA sequences, but we
can easily extend the presented techniques to other kinds of sequences since there is no sequence
specificity in the discussed algorithms like in other approaches. So, we apply the algorithms also
to protein alignments to see how well we compete with other protein aligning tools. This trade-
off from DNA to proteins is not that easy in terms of prediction quality because applying the
same algorithm for multiple sequence alignment to protein-sequences and DNA-sequences might
influence the quality of the results in classical approaches a lot. Algorithms like CLUSTAL [4],
MAFFT [5] or MUSCLE |[6] use sequence-specific information to optimize their scoring function.
These tools tend to overfit one type of biological sequence since the properties of DNA and
protein sequences are quite different. So, there are many more tools optimized for proteins than
for DNA, as proteins are often more interesting because of the more direct relation to drug
development. Another reason for this might be the lack of perfectly or correctly aligned or even
hand-crafted DNA alignments. There are multiple benchmark databases for multiple protein
sequence alignments such as BAIBASE [21], OXBench [22], PREFAB [6] and SMART [23], but
not that much for DNA-alignments [24].

2.1 Relevance

As already mentioned, multiple sequence alignments are incorporated in almost every field of
research in bioinformatics. Secondary structure prediction for proteins, for example, can be
made based on multiple sequence alignments. Knowing the secondary structure of proteins is of
enormous interest in ongoing research, as it can find potential functional sites in proteins that can
have an influence on the functionality of the proteins. One example is the active site of proteins,
where the key processes of a protein take place, such as splitting ligands or binding other proteins
to form complexes with new functions [2]. To find similar patterns in structures, one could align
the sequences and infer similarly structured for similar parts of the sequences. Another approach



is to align the structure itself to predict the 3D-fold of proteins, called structural alignment. As an
example, the algorithm MUSTANG performs alignments to predict the 3D-structure of proteins
using not their amino-acids but the position in a three-dimensional space of specific carbon-atoms
in the protein’s backbone. The actual fold can then be determined based on the known folds of
the co-aligned sequences [3].

Another way to use multiple sequence alignments to gain information about proteins is to
find out which function in a cell a protein has. By performing multiple sequence alignments,
similar proteins from other species can be identified that might have the same function in similar
pathways. This approach to finding functions of unknown proteins is based on the idea that
proteins with similar structures often have similar functions [25]. Here, the way to extract the
functionality of the unknown sequence works similar to the computation of the folding based on
the co-aligned sequences.

Also in genetic research on a level below proteins and their sequences, multiple sequence
alignment has applications. So, we can use multiple sequence alignments for the construction of
phylogenetic trees, which can then infer evolutionary distances between species. We can compute
these distances from the number of changes that occurred in the evolution of a sequence [1].

2.2  Scoring Profiles

To align two or more sequence and to interpret the results of an alignment process, we have to
score the resulting profile. That means we have to evaluate the quality of a profile to be able to
compare two different alignments of the same sequences and to reason which one is the better
one. For this propose different scores have been developed and each of them has advantages and
disadvantages as we discuss in the following.

Example 2.1 (Alignment)
The example we use to demonstrate the scorings consists of the three sequences seq; = ATTG,
seqa = ATCCG and seqs = ATGT. The exemplary alignment

T — —
c C

BN NS
NN
QA

T
is used to apply different scorings to.

2.2.1 Sum-of-pairs-score

The sum-of-pairs-score measures the number of perfectly aligned pairs of bases in relation to
the total number of aligned pairs where each type of pair is weighted differently. This score is
applicable for both pairwise alignments and multiple alignments. In its formula

N n—1 n

sP=3"3" 3 sp(ce).

i=1 j=1 k=i+1

i iterates over all columns of an alignment and the j and %k index the bases in the alignment, so
that the sum iterates column-wise over all pairs of bases aligned to each other. In more detail:
c! is the j-th base of the i-th sequence. The function sp returns the score of two sequences and
can be defined arbitrarily. As mentioned above the pairwise alignment we use is based on this
scoring, the choice of sp and its definition has a huge influence on the resulting alignments, since



this directly defines what a good match of two bases is, and indirectly how a good alignment
look like. In this work we used

0 ifcd=ch="-7
: 2 ifel=ck
s cj-,cz)— P
p(l -1 ifcz:w ”OI'C?Z”—”
—2 ife #£cF

as Mircea et al. [12], because we want to improve the reinforcement learning approach of the
paper and not the alignment algorithm. So, we fix the parameters to get comparable results.
From the definition of sp(x, *) it follows that we have to maximize the SP-score of an alignment.
One could define s also as a measure of the distance and give credit for aligning gaps to bases.
Then the gap-score (align gap against sequence) would be higher than the match-score (align
two equal bases) and one has to minimize the SP-score of the alignment. But this is not part of
we discuss more deeply and only named for completeness.

This score is also used in state-of-the-art tools we later compare the results to. Those tools
use a much more fine-tuned formula, taking biological sense into account. In CLUSTALW this
is among others done by sequence weighting based on the (dis-)similarity of a sequence to other
sequences. The higher the dissimilarity or divergence of a sequence, the higher the sequence
weight. These weights are used as multiplication factors for the sequences. There are several
other improvements to this plain SP-scoring function presented above [4].

In the reference literature of reinforcement learning for multiple sequence alignment, two dif-
ferent scoring structures for the gaps are used. First, the linear gap costs, we already use in the
function above and second, affine gap costs that more likely insert fewer, but therefore larger
gaps than many small gaps. The scoring of the individual gaps has a large influence on the
scoring of alignments and also on the definition of what a good alignment is.

Linear Gap Costs

When using the idea of linear gap costs, each part of a gap is penalized with the same weight.
So, there is no difference if a newly inserted gap extends an already existing gap of opens a new
one. This way is easy to compute but has the disadvantage that evolutionary coherent gaps are
more likely compared to many small gaps.

Example 2.2 (SP-score of alignment)
Using this idea in the score above, the above exemplary given alignment of seqi, seqs and seqs
would get a score of 6 +6 —4 —2+6 — 2 = 10.

SIS NN
oSN NN

T | - | G

c|C |G| -
G
6

Affine Gap Costs

The disadvantage of scoring many small gaps as well as fewer, larger gaps can be cured using
affine gap costs. That means that a gap has not always the same score, but the score for a gap
depends on the type of gap. The gaps, opening a new, larger gap receives a gap-opening penalty



and gaps that only extend an already existing gap, receives a gap-extension penalty. Using this
idea, we can now (only for this example) redefine the sp-function

e J Lk _» 9
0 ifc, =c¢ =" —
e J ok
4 2 if ¢ = ¢
sp (cz,cf) =¢-1 ifcd="="o0rcF="—" (opening)
e J _» 9 k _» 9 :
—0.5 if ¢ —7or¢f =7 =" (extending)

-2 ifcl #ck

Example 2.3 (SP-score with affine gap costs of alignment)
With this function, the alignment above would get a score of 6 +6 —4 — 1.5+ 6 — 2 = 10.5.

AlT|T| - |G| -
A|lT|C| C |G| —
AlT| - | - |G| T
6]6]—-4][-15]6]-2

There are some other ways to compute gap costs, but they are not relevant for our work.
The affine gap costs are not used in our work, but in a reference work, and for completeness we
should have a look at another technique of scoring gaps within the SP-score. In the following
work, we always refer to the SP-score with linear gap costs.

2.2.2 Column Score

Beside the SP-score, there are some other ways and metrics to score an alignment. One of
those we also use for optimization is the column score (C-score). This cures one disadvantage
of the SP-score that is very relevant for optimizing the score in reinforcement learning. In some
reinforcement learning settings, it is helpful to know the maximal value a scoring or evaluation
function can take. The need for this upper bound becomes more clear, when we discuss the
results and especially the performance of the UCT-algorithm. But for now it is sufficient to
know that, given some input sequences that are to align, there is no good upper bound for the
SP-score of the optimal alignment regarding the SP-score of the input sequences.
This challenge can be overcome by the column score

C(profile) = #perfectly aligned columns

#tcolumns in profile

Example 2.4 (C-score with affine gap costs of alignment)

With this function, the alignment above would get a score of w = 0.5.

AT G| -

QX
Q|

AT G
A|T G
171 1

ol |

0foft1]

One can differ two major types of scoring alignments. The first we discuss in the previous
two sections can be computed only based on the alignment itself. No other information except
the alignment is needed to compute the SP-score and the C-score. The second type can only
be computed relative to a “true” alignment. “True” alignment means verified and hand-crafted
alignments that are considered being the true solution to a sequence alignment problem. This

10



means researchers believe those alignments are the true alignments, how evolution formed the se-
quences out of each other, even though those alignments are not those with the highest SP-score
or C-score.

The Q-score and the TC-score are defined and used according to the definition by Robert C.
Edgar [6] and computed used the QSCORE program of Edgar [26].

2.2.3 Q-score
The Q (quality)-score

#correctly aligned pairs in profile

le, =
Q(profile, reference) #aligned pairs in reference

is a more detailed score, because it sums over pairs instead of columns as in the TC-score.
Therefore, the Q-score is always greater or equal to the TC-score.

This quotient puts the number of correctly aligned pairs in relation to the total number of
pairs in the reference. This is like the SP-score where also mismatches or gaps can be counted
positively. Correct aligned in this context means that the same pair of bases is present in both,
the computed profile and the reference alignment.

2.2.4 TC-score

The TC (total column)-score is computed in the following way

TC(profile, reference) — #correctly algined columns in profile

#columns in reference

This score puts the number of correct columns in relation to the number of columns in the
reference alignment. As the Q-score is similar to the SP-score but with a reference, this TC-score
is similar to the C-score above where not the rate of perfectly aligned columns is computed, but
the rate of correct aligned columns in the profile, compared to the reference.

These last two scores can be used to compare different alignment to see how well they approx-
imate the “true” or reference alignment. These scores cannot be approximated in the learning
process, as in an application setting they cannot be computed, because the reference alignment
should be unknown in order to compute approximations for it. If the true alignment would be
known, there is no need to compute approximations. The SP-scores used in the state-of-the-art
tools are designed to find nearly optimal alignments in terms of Q-score and TC-score [6].

2.3 Pairwise Alignments

Pair-wise alignments are the key algorithms for this thesis, because they are fast and optimally
to compute. As referred to in section 2.5, we only need to perform pairwise alignments, either
of two sequences (sequence-to-sequence alignment) or of a sequence against a block of already
aligned sequences (sequence-to-profile alignment).

2.3.1 Sequence-to-sequence Alignment

The algorithm we use is based on the idea of S. B. Needleman and C. D. Wunsch [27] which later
has been adapted by T. F. Smith and M. S. Waterman [28] to compute an optimal alignment

11



algorithm of two sequences. In this section we shortly discuss how the algorithm works and show
an example alignment using the two sequences seq; = ATTG, seqs = ATCCG.
The algorithm make use dynamic programming and computes in a way the scores of all
possible alignments between all prefixes of the two sequences that are then stored in a table.
At first we have to select a scoring function, which is here the one presented above.

1. The table we fill within this algorithm consists of as many rows and columns as both
sequences have.

Example 2.5 (Example alignment)
Aligning seq; and seqo from above, at the beginning the table looks like

cs | A

T
2

| C

3 | C

| G

2. The next step is to fill the cells in the column and row with the gap. These cells are filled
as one would align many gaps again the according prefix of a sequence.

Example 2.6 (Example alignment)
Filled upper and left edges in the example alignment.

‘1 | ¢ Cz{) C%
-|A|T|T]|G
0O|-1|-2]-3|-4

s | A -1
| T -2
alC] -3
alC| 4
|G -5

The filling of the gap-fields implicitly follow already the function used to fill the remaining
cells 4 4 _
c c’i_l,c;_1> + sp (cﬁ,c%)
Fori,j >0:c (c{,c;) =maz< c clfl,cé) + sp (cf, —)
(oo™ +om ()
Here c(x, *) denotes the value of the cell of the two arguments and sp(x, ) represents the
SP-score of the two input bases. ¥ for this purpose is defined as gap.

3. The last step is to fill the entire table following applying the formular to each cell as soon
as the three needed adjacent cells are filled
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Example 2.7 (Example alignment)
The finally filled matrix with the scores of all possible alignments.

c% c? c‘rf c‘ll
-[AlT|T]G
-Jol-1]-2]-3]-4
A1l 2]1]o0]-1
GlT]l2]114]3]2
|l Cl -3 3121
alcll4l1l2]1]0
a|lGl-5]2[1]0]3

The resulting alignment score is always the value in the down-right cell, here marked green and
has the value 3. So, the SP-score of the resulting optimal alignment of seq; and segs is 3. To
get the alignment, we track back, from which cell the score in the actual cell can come from.
That means, which of the rules in ¢(x, %) has been applied to get a score in a cell. For example,
the green value 3 is reached from (c3, c¢3) by aligning ¢} with ¢3. From that it follows that
the alignment ends with (...G, ...G) and the next cell to track back is (c3, c3). Here, there are
two options: start from (c?, c¢3) and perform a mismatch or from (c$, c3), by aligning a gap to
c3. To our knowledge, there is no solution for those conflicts, so we resolve them by assigning
priorities to each direction an alignment can come from. For both, sequence-to-sequence and the
sequence-to-profile alignment later, we use the order LEFT, DIAGONAL, UP. So, if possible,
we track the alignment back to the left direction. That means, if possible and optimal, a gap
is aligned to the sequence on top. If this is not possible, we try the diagonal alignment of a
(mis-)match otherwise we align a gap to sequence on the left. These computations can also be
performed during the computation of the alignment-matrix and stored in a second matrix which
makes the evaluation of the remaining matrix more easy.

The order defined in the last paragraph has some advantages. First, the algorithm to align
a profile against a sequence is implemented such that the profile always is at the top of the
alignment matrix, so going up as the last option ensures that the profiles gets a gap if and only
if there is no other option. And going left before diagonal comes from the scoring matrix and
its weighting of gaps and mismatches. Remember that aligning a gap gets a penalty of -1 but a
mismatch of -2, so this indicates that mismatches are worse than gaps, so we choose the above
mentioned order.

Example 2.8 (Example alignment)
Evaluation of the example alignment.

]
-[A]T|T|G

- o]-1]2]-3]-4
a|All-1] 2] 1]0]-1
GlTl2]1]4]3]2
alCl -3 3121
alcl4]1l2]1]0
a|Gl]-5]0o[1]o0o] 3

Table 2.1: Scoring table of the aligning
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o lcle]a

AT [T]G
- — | |« |«
a AT IRN ]« ]« ]«
G|Tr[ 1t [N][« ]«
Gl Clt [t [t ]« ]«
glClr[ Tt [N«
GGt [T N[N

Table 2.2: Direction table of the aligning

The resulting alignment contains one gap in the shorter sequence and has a SP-score of
24+2-1-242=3.

- | T
c | C

DOf s
Nl
—_
[\)
Q@

One interesting property mentioned already above is that each cell in the left table represents
the optimal SP-score of the alignments of both prefixes up to the considered cell.

Example 2.9

The optimal alignment of AT (c}, ¢?) and ATCC (ci, c3, c3, ¢3) would have a score of 24+2—1—1 =
2.

T — | =
T| C | C
2 | -1 | -1

A
A

2 |

The runtime is in O(n?), where n is the length of the longer sequence. This is because of the
table one has to fill, which represents all possible alignments of the two sequences. The space
usage in this algorithm is also quadratic in the sequence length, because the at least one table
has to be stored. Using the Hirschberg algorithm, the space-usage can be reduced to O(n) [29].

2.3.2 Sequence-to-profile Alignment

The sequence-to-profile alignment algorithm extends the Needleman-Wunsch algorithm explained
above. Since this way of aligning a sequence to a profile is not described in any reference paper,
we have to find an appropriate way to define this algorithm. The setting is quite similar to the
algorithm we discuss in the section on sequence-to-sequence alignment, but there are still some
differences to take care of.

One is that there are multiple sequences on one side to align and only one on the other side.
So, we have to adjust the scoring system to take this imbalance of sequences into account. In
order to keep the property described above (each cell denotes the optimal SP-score of the prefix-
alignments), we design the scoring function in a way that in each cell the optimal SP-score of an
alignment of the prefixes of the sequence and the profile is denoted.

1. We again have to define the scoring function, here denoted as a scoring matrix of the
profile against all DNA-bases. So, this scoring function depends on the position of the
profile, where to align a base and the base to align at that position.

14



Example 2.10
Using the profile from the previous section, we come up with a scoring table that represents
a function.

-t [P PP P
-olo0o]o0 2|40
Al216]2]-4]-6]-=2
Cl2l=2]=2]0]=2=2
Gl2l22]-4]-6]6
T|22]6 422

This table can be derived by computing the SP-score of a potential alignment of a base
against a single column of the profile. At position p; the profile as an internal SP-score of
two because of the match of the two As. By aligning another A against this position, the
score is increased to 6 (= 3 * 2, as there are three distinct pairwise matches of As scored
with two each).

Example 2.11

We discuss how the algorithm works, again using a small example. The profile above
aligned against the sequence seq3 = ATGT. For this propose, we have to fill another table
similar to the table above.

A Ay

S1 A T - T G

S A|lT|C|C|G
s | A
T
| G
s | T

Table 2.3: Scoring tabe of the sequence-profile alignment

. Based on this scoring function and the algorithm already described above, one could fill
the table of the alignment.

Example 2.12
When filling the table, we can again compute the corresponding table with the directions
as in the last section

From these two table the following profile with an SP-score of 64+6 —4 —2+6 —2 =10
results.

2.4 Different Multiple Alignment Techniques

As mentioned above the problem of finding optimal pairwise alignments is feasible in quadratic
runtime and space usage that can be reduced to be a linear usage in space [29]. Both measures are
relative to the number of sequences. The technique of computing a complete alignment matrix
using dynamic programming can be easily extended to multiple sequence alignments. But the
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-1 [P PP P

S1 A T - T G
P A|lT|[C|C|G
-fTolToJo[-2]-6]-6
dATA2]6]6] 400
Gl T|[a]4]12[10]6 6
s GIll-6]2]10] 8] 8]12
ATT[8]0]38 6 | 10

Table 2.4: Scoring table of the aligning

B I S IR R R
seqq A|T - T | G
seqs Al T| C|C|G
- |« ||«

gl A [1TIN][«]««]«

Al T [t IN| <]« ]«

N I N N

s T [ttt [« [Nt

Table 2.5: Direction table of the aligning

T| T | —
T|C | C
T
6

SQaQ
I

| -2

runtime and the usage of space of this extension increases exponentially with the increasing
number of sequences. So, normally for finding the optimal alignment of n sequences one needs
time in O(k™) where k is the maximal sequence length. The result of this time consumption is
that this alignment technique is only in theory feasible. Therefore, different algorithms to reduce
the search space or to approximate the optimal alignment have been developed, of which we
shortly discuss a few. Indeed, the complexity of multiple sequence alignments with SP-score is
proven to be NP-complete and therefore for larger problem instances not feasible in an acceptable
amount of time [30].

In 1988, Carrillo and Lipman published an idea to reduce the search space in multiple sequence
alignments using a branch-and-bound algorithm. The algorithm is based on Dijksta’s shortest
path algorithm and interprets the n-dimensional tables that would arise in an optimal multiple
sequence alignment as a directed graph with weighted edges. The result is optimal, but the search
time can be reduced [31]. This might help with sequences that are quite different, because many
branches can be left out, but for very similar sequences the runtime still converges to O(k™).

Another idea, starting from the optimal alignments, is to use divide-and-conquer methods to
reduce the search space and to find the optimal alignment in acceptable time. The main idea is
to split a whole multiple alignment into many smaller alignments that can be solved very fast
(if the sequence-lengths are around 3-5 sequences, the number does not matter that much) and
then merge the sub-alignments into larger ones to finally get the optimal alignment. But this
leads to the new problem of finding positions where to cut the alignments. This problem is also
NP-complete and therefore this idea is also not feasible [32].
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The last three ideas lead to optimal solutions but are quite slow. To overcome this slowness
is to not find the optimal solution but to approximate the optimal alignment. One algorithm of
those performing an approximation is the so-called center-star algorithm. The main-idea of this
is to find a sequence that minimizes the number of mutations to all other sequences. It is proven
that this center-star score approximates the SP-score up to a factor of 2; the algorithm is a so-
called 2-approximation of the SP-score. 2-approximation means that the score of the center-star
algorithm is at least half as good as the optimal score for the same alignment problem [33].

The algorithms of most of the state-of-the-art algorithms use are progressive alignments and
iterative alignments presented in the next two sections in more detail. There are some other
techniques using hidden-Markov-models [34], genetic algorithms [35] or simulated annealing [36]
but those are not of interest for us and they are not related to what we discuss here.

2.5 Progressive Alignment

The core idea of progressive alignments is to reduce the multiple sequence alignments that are
not feasible to many pairwise alignments that can be solved very fast. So, given a set of sequences
or pre-aligned profiles of two or more sequences, we now do not align all sequences at once but
select two of the elements in the list and align them into another alignment that replaces its
parents in the set for the next alignment step. By doing so, the number of elements in the list
that are to align is progressively reduced, until there is only one element in the list that contains
all input sequences and is considered as the result of the algorithm.

The choice on which pair of sequences or profiles to align next can be done based on similarity
of sequences. This similarity guided alignment choice can be computed before the main alignment
process starts and result in so-called guide trees as presented below. Or it is done before each
alignment step by computing the similarity of the elements to align next and choosing the most
similar pair.

Example 2.13
Guide-tree of the alignment we computed in the previous sections.

/

ATGT

ATTG ATCCG

Figure 2.1: Guide-tree for the multiple sequence alignment we computed in section 2.3
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Example 2.14
Guide-tree for alignment with 7 sequences as used in classical approaches.

ACGT ACCG ACT

AGGT AGCT

Figure 2.2: More complex example of a guide tree that might be the schematic output of
CLUSTAL, MAFFT, or MUSCLE.

Those guiding trees use profile-to-profile alignments to resolve inner nodes that introduce a
need for this. We use a special form of progressive alignments is performed, where profile-to-
profile alignments are not needed. This is done by restricting the trees to be in a way an order
of the sequences in which the sequences then are aligned. So, we do not have to create a tree,
but generate orders of the input sequences and search for the best one.

Example 2.15
Guide-tree for alignment with 7 sequences as produced by out tool.

ACGT/.

ACCG
AGTT

ACT AGT

Figure 2.3: The only type of guide-trees for reinforcement learning guided progressive alignments
are stairs.

One drawback of progressive alignments is the fact that a sequence is considered only once.
That means, a sequence that is aligned, cannot be realigned. Feng and Doolittle call this principle
once a gap, always a gap [1]. One advantage of having the possibility to realign sequences
again and again is that those realignments could improve the quality of the resulting alignments
and therefore the performance of the entire algorithm. But this realign offers a new problem.
Whereas, progressive alignment is by construction of the algorithm forced to terminate with
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the possibility of realigning, this natural termination no longer exists and therefore another
termination criterion must be found [4]. This idea of realigning sequences is summarized under
the term iterative alignment or iterative refinement, which we handle in the next section.

Another problem with progressive alignment is that by the selection process, the resulting
profile can be caught in a local minimum. In the ideas presented in the previous section, there is
in theory always a guarantee that the algorithm reaches or at least approaches the global optimal
alignment and one can give a bound for the distance to the global optimum. This guarantee
cannot be given in progressive alignments. This is also due to the above mentioned problem
of once a gap, always a gap. Misalignments made early in the alignment procedure cannot be
corrected to better alignments. To solve this problem, one could again use iterative refinement
techniques to optimize former alignments.

2.6 Iterative Refinement

As explained above, iterative refinements aim to fix one of the biggest drawbacks of progressive
refinement, the option to realign and therefore to fix errors made in early alignment steps. One
of the tools performing iterative refinement as a main step of its algorithm is MUSCLE. In a
first step, MUSCLE produces a guide-tree based on the k-mer distance of each pair of input
sequences. A k-mer is a k bases long substring of a sequence. This first tree is then used to
compute a first progressive alignment which is improved in a second progressive alignment step
[6]. In this second step MUSCLE performs mainly the same steps as in for the first alignment
but the distance measure based on which the alignment tree is created is switched from the
k-mer distance to the Kimura distance that is more accurate than the k-mer distance but needs
more time to be computed since for the Kimura distance the two sequences has to be aligned
[37]. From this second tree and the first alignment, a second better alignment is created that
will undergo an iterative refinement procedure to further cure errors made while aligning along
the trees. Therefore, from the Kimura distance tree an edge is deleted, two new profiles along
the subtrees are computed and at the end matched. If this newly created alignment is better
than the one before, the new one is kept. This procedure is performed until a user-defined stop
criterion is fulfilled [6].

Our way of iterative refinement is different. After receiving an alignment of the input se-
quences from the progressive alignment step, single sequences can be realigned against the re-
maining block of sequences. As stop criterion, the number of sequences is used. So, if the task
is to find the optimal global multiple sequence alignment of 5 sequences, in the refinement step,
at most 5 realignments are performed, but the algorithm has the option to stop the realigning
after realigning less than 5 sequences. The performance of this approach can be seen in chapter
5.
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Chapter 3

Model and Related Work

In this chapter, we will discuss the model of multiple sequence alignments as a Markov decision
process we take from the paper on which this work base on. In the second section of this
chapter, we focus on the different approaches that used reinforcement learning, not necessarily
deep reinforcement learning to improve solutions in multiple sequence alignment.

3.1 Markov Decision Process for Multiple Sequence Align-
ment

In this section, we discuss the definition of the states, actions, and functions of the Markov
decision process that underly this thesis. Furthermore, we discuss some other properties of the
model. These definitions mostly stick to the definitions of the main reference paper of Mircea et
al. [12].

We begin with the state space. As we discuss in the section on progressive alignments, we
are searching for optimal orders to align the sequences. So, each state represents an order of a
subset of the sequences. The only initial state is the one representing the empty set or empty
order that contains no sequence. Goal states are those that contain orders of sequences with no
duplicate as defined in the section on progressive alignments. As the definition of goal states
indicates there is another group of states besides valid, initial, and goal states that ends the
Markov decision process or is at least invalid. These invalid terminal states contain duplicates of
sequences in their orders and lead directly to a negative reward. The number of possible states
is given as

nttl—1

n—1

which can be inferred from the paper of Mircea et al. [12]. This description becomes more
clear in figure 3.1 and after defining the actions and the transition function.

The action space comprises all available actions, i.e. sequences that are to align. So, in each
state, the agent can choose to align every sequence independent of the validity of the resulting
state. As each state has exactly one sequence of actions to get to this state, we can write a state
as the sequence of its actions.

The transition function is completely deterministic. The result from choosing in a state a
sequence of your choice leads always to the same next, successive order that is computed by
putting the index of the selected sequence at the end of the order of the starting state of a

S| =
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transition. This represents the alignment of the chosen sequence to the actual profile from the
starting state of a transition.

To visualize these properties of the Markov decision process for multiple sequence alignment,
we can have a look at example 3.1. As it is completely deterministic and the states grow with
each action, we can plot the state space as a tree with the initial state as root and the terminal
states as its leaves. Here, a state is indexed with the according actions.

Example 3.1
State space of the model

Figure 3.1: Schematic overview over the model we use to decribe multiple sequence alignments.

Finally, there is the reward function to finish the definition of the Markov decision process.
R(s,s") = R(s') = R(ay, ..., an)
0 ifn=1
=4 — if31§i7j§n,i;ﬁj:ai:aj

sp(s’) otherwise

where sp(s),s € S is defined as the SP-score of the profile resulting from an alignment of the
sequence in the order the state s indicates.

This model has some advantages and properties that make the learning process easier. First,
there are no loops in the state space as each action adds a sequence to the state that cannot
be removed. So, the state-space can be represented as a tree. Second, all actions are applicable
in any state. Some of those actions lead to invalid states, but this is penalized by the reward
function that fulfills the Markov property, i.e. is memory-less. And third, the Markov decision
process is deterministic, which makes it easier to learn an optimal policy.

3.2 Previous Work

In this section, we discuss the work that previously applied reinforcement learning to multiple
sequence alignments.
3.2.1 Reinforcement Learning for Multiple Sequence Alignment

The first paper is the most relevant paper on which most of the other papers in this field base
[12]. The researchers define the Markov decision process we use in a slightly modified way as we
discuss above. This work is already based on another work of the same research group [38].
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They use the Q-learning algorithm in its tabular form, which we discuss in the reinforcement
learning section and also implement for comparison. As action selection mechanism e-greediness
extended with a look-ahead search is used. For the look-ahead search to find the best sequence
to align in a state, all possible actions are tested; i.e., they are performed and scored and the
best one is selected.

The evaluation of this paper is performed on reference datasets containing DNA sequences.
Most of those datasets are from other papers publishing approaches to tackle the multiple se-
quence alignment problem. The new approach outperforms CLUSTAL and MAFFT based on
those DNA references, which is not an optimal setting for CLUSTAL and MAFFT. Those two
state-of-the-art references are not designed and optimized for DNA sequences. As explained in
chapter two, this might have a huge impact on the performance of the algorithms. Both should
also be compared on protein sequence data to obtain a better assessment of the real quality of
the reinforcement learning tool. In chapter 5 we will see a comprehensive comparison of rein-
forcement learning and classical approaches on both DNA and protein data. Unfortunately, this
comparison on additional protein sequences cannot be conducted on this paper as the code is
not publicly available.

3.2.2 Reinforcement Learning for Multiple Sequence Alignment with
affine Gap Costs

This paper is from the same research group that also wrote the paper in section 3.2.1. The major
difference is that for this paper the gaps in the alignments are not scored linearly but affine [39].
We discuss the difference between those two scoring systems in chapter 2 in more detail.

The results of this approach improve the results from [12] only slightly. The comparison
between the two papers is based on only two datasets of DNA sequences, and no other tool like
MUSCLE or MAFFT is used to compare the results against the state-of-the-art approaches [39].
Again, it would be interesting to see how this approach performs on protein data.

3.2.3 Deep Reinforcement Learning for Multiple Sequence Alignment

Based on the work we discuss in section 3.2.1 and in section 3.2.2, Jafari et al. presented an
implementation of deep reinforcement learning algorithms. They use deep neural networks with
long short-term memory cells as networks in deep Q-learning and an actor-critic approach [13].

The comparison of the results is again performed on the datasets already used in the paper
[12]. So, the same problems and drawbacks with the comparion we mention in section 3.2.1 arise
again. A second, interesting aspect is the individual performance of Q-learning and the actor-
critic approach separately. In the paper [13], there is no clear distinction between the results of
both approaches.

And, as above, the code is not available, so one cannot use it for additional testing on protein
data or other sequence data.

The next two papers we discuss are not based on the model proposed by Mircea et al. but
use some different, more complex Markov decision processes to represent the multiple sequence
alignment problem and make it “solvable” with reinforcement learning techniques. Both Markov
decision processes have the advantage to not care about the aligning of sequences, as we will
discuss in the according to sections.
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3.2.4 MCTS for the MSA problem

The first of paper with a different model is a special one because it uses neither neural networks
nor Q-learning [14]. Instead, Edelkamp et al. use a special form of monte-carlo tree-search. We
also use a technique based on Monte-Carlo Tree-Search to solve the multiple sequence alignment
problem, but we stick to the model presented by Mircea et al. [12].

Edelkamp et al. present another model to find the optimal alignment. They think of the way
to find the optimal alignment as an enumeration of all possible alignments and finding the best
one according to a certain scoring function. Since enumerating all alignments is not practical for
increasing numbers of sequences, all alignments are represented in a tree. This representation is
column-wise, which means, starting with an empty node, the children in this node are all possible
alignments continuing in this node [14].

Example 3.2

Schematic first nodes of the search tree suggested by Edelkamp et al. [14]. This example is based
on the alignment of two sequences starting with TC... and GT... . The idea behind this tree
can easily be extended to alignments of more sequences

() ()
@@@@}g\@

The results of this approach are achieved on protein sequence data from BAIIBASE version
2. Unfortunately, there is no comparison with other tools like the already named CLUSTAL or
MAFFT.

3.2.5 RLALIGN and Exploring Reinforcement Learning Techniques in
Multiple Sequence Alignment

The last work we discuss in this section is the master thesis of Ramakrishnan on “Exploring
Reinforcement Learning Techniques in Multiple Sequence Alignment” [40] and a paper on the
tool RLALGIN that Ramakrishnan implemented in the thesis [41]. We discuss those two topics
as one because they are directly related to each other. The work is based on the MDP used in
the PHYLO game, which allows people to align sequences themselves to find the optimal one
[42]. In terms of the size of the state space, this is even more complex than the one discussed
above, but more intuitive.

The model is based on the idea of shifting bases to the left or to the right to form alignments.
Bases can only be shifted to a field where a base is located. So, the bases are not allowed to
switch their position within the sequence with removed gaps.

By definition, this idea does not need an alignment algorithm as it aligns the sequences on
its own, but this increases the complexity of the resulting Markov decision process dramatically
as there are many more states and actions and learning becomes much slower than the approach
we perform.
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Example 3.3

Schematic table of the model inferred from the PHYLO game with arrows representing possible
actions. Each row is a sequences, very similar to the model we use. The arrows in the cells
represent gaps and how to move the neightboring cells representing nucleic bases or amino acids.

—~ AT | T |« |G| —| -
~—|A|T|C|C |G| —=| -
—~|A|T| > |« |G| T|—

Table 3.1: Exemplary model of the profile we use in the example in chapter 2.

Unfortunately, this idea is only tested on artificial data and not against other tools or on real
datasets or benchmarks, so the informative value of the analysis is very limited and should be
increased if possible. One reason for this way of testing is that an alignment of a few sequences
with about 20 bases is not feasible anymore. As an example, a model for two sequences with
6 bases each, the agent trained 5 hours ([40] p.4). For this tool, only the code for aligning two
sequences of length 4 is available. So, we cannot conduct a comparison with this tool.

One interesting idea of this approach is that it can be used for generalization. In the paper,
Ramakrishnan et al. applied it successfully to scale from sequence lengths of 6 to 20. A second
nice ability of this model is that it can be used to train the agents stepwise. This means it is
first trained on smaller problem instances. In the paper, they used two sequences of length 6,
trained the agents, and retrained for two sequences of length 10. The results of this do not show
any differences to normal training on two sequences of 10 bases each.
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Chapter 4

Reinforcement Learning

Reinforcement learning is a field of machine learning that has made significant progress in recent
years. The main impulse for the recent rise of interest came from a paper published by Google
DeepMind project in 2013 that introduced major improvements [8].

DeepMind is also one of the first that applied deep reinforcement learning with striking success
to a problem of bioinformatics. Not to multiple sequence alignment as done is this work, but to
the problem of protein folding. It is about the way, how proteins are folded, which is as described
in the section on multiple sequence alignment very important for many clinical tasks [11].

Reinforcement learning is beside supervised and unsupervised learning the third big paradigm
in machine learning. In contrast to supervised learning, reinforcement learning does not depend
on the existence of datasets. Classical tasks for supervised learning are regression and classifica-
tion on data. The network is learning a function that is used to represent the data. Therefore,
a labeled dataset is needed; for example, the MNIST dataset contains 60 thousand images to
classify ten different digits. Because of its trial-and-error character, reinforcement learning is dif-
ferent and is not mimicking the dataset labels [43]. As it is often applied to round-based games,
reinforcement learning learns from the reward of an action that might not be given immediately
[15].

Reinforcement learning is a trial-and-error ap-
proach that learns from the returns received from the
environment as depicted in figure 4.1. From each ac-
tion the agent performs in the environment, it observes
rewards that are used in reward functions to determine

Environment (MDP)

the quality of the selected actions. Action State and Reward
For this thesis, we have to distinguish the terms re-

inforcement learning and deep reinforcement learning.

When talking about deep reinforcement learning, we

refer to algorithms that use neural networks to learn

a policy in an environment. So, tabular approaches Figure 4.1: Schematic view of a Markov
and monte-carlo tree-search are the only non-deep re- decision process with the interactions
inforcement learning algorithms we use. between a learning agent and the en-

As described in the previous chapter, the Markov vironment.

decision process for multiple sequence alignment is

episodic and therefore has a fixed end which means that in this chapter we only discuss the
episodic cases of reinforcement learning and its algorithms.
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4.1 Reward-functions

Reward functions address the problem of assigning rewards to the actions in the correct amount.

There is a very important difference between the terms reward and return. A reward is
what the agent gets from the environment after each action. The return on the other hand is
what a learning agent assigns to each step as a performance measure of that action to refine the
performance of that agent. The return can be equal to the reward, but can also be a weighted
sum of some of the rewards. How exactly the return is computed is described in the following,
as there are many different ways.

4.1.1 Monte-carlo Return

First, we discuss the monte-carlo return,

T
G¢ = Z YT R
i—t

that uses the discounted rewards from all future rewards. So, it is the sum of the discounted
rewards up to the actual time step. This kind of return is easy to compute and applicable in
almost every setting, but it has some drawbacks. As it sums up to the last timestep, it can only
be computed if the episode has ended. That means online learning with monte-carlo returns is
not possible, because the return cannot be computed while the episode is still running [7].

4.1.2 Temporal Difference Learning

To make return functions applicable to online learning, temporal difference learning is developed.
In TD-learning one has to choose a hyper-parameter n that controls to number of time-steps
ahead of an action to take into account to compute the reward for an action following

n
Gy = Z'}/iRt—H
i=0

Here t + n might be larger than T, so R; for ¢t > T is defined as 0.

The most basic form with n = 0 is called TD(0). So, the return is equal to the immediate
reward. TD(0) has the advantage of an immediate update compared to MC, but it does not take
later payoffs into account. If n increases the temporal difference return approximates the monte-
carlo return and takes those mentioned later payoffs into account. The technique of scaling n
between 0 and T is called n-step bootstrapping and is used to better graduate between TD(0)-
learning and MC-learning. MC-learning can be seen as learning with TD(oo). With this, one
can make the learning more online, but one still has to wait until the n steps after an action has
passed to update the policy [17].

4.1.3 Lambda Return

Sometimes n-step bootstrapping is not accurate enough, as the return computation is restricted
to use integers to grade between the TD(0) and MC. Another technique to finely grade between
those two extremes is the use of the lambda-return with or without eligibility traces. Eligibility
traces can be used online, even though the computation of the lambda-return would last longer
and need more input that only the immediate reward. Since eligibility traces are not used in
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this thesis, we do not handle them here, but we use the lambda-return as an alternative return-
function for offline learning with

GtA = (1 — )\) Z )\n—th:t+n
n=1

and Gy.;4p, defined as

n
Giitqn = Z’YiilRt-s-z’ + 7" 0(St4n)
i=1
where 9(s¢1,) is the actual evaluation of the state; so, the result of a value-estimation of a learned
state value function of the state s;1,, [17, 44].

4.2 Learning Techniques

4.2.1 Online and Offline Learning

In reinforcement learning, there are some categories to distinguish the algorithms. The first
pair is online and offline learning. In an online learning setting, the agent is updated while the
episode is still running. So, while performing actions to create the episode, the agents’ policy
is changing, which can make the learning much faster, but also more unstable as the policy is
changed more often. On the other hand, in offline learning, the agents’ policy is updated based
on already finished episodes. This setting is more stable than online learning but also slower, as
it takes longer to make the same number of update steps as in an online setting. As the episodes
in reinforcement learning for multiple sequence alignment are not that long, we use only offline
learning [7].

4.2.2 On-policy and Off-policy Learning

The second pair of categories is that of on-policy and off-policy learning. In this distinction, it
is not about when to update the policies but how to update the policies. In on-policy learning,
the agent uses one policy to learn an optimal policy and to generate the episodes to find the
optimal policy. Therefore, the same policy has to be non-optimal in order to be exploratory but
is getting optimal. The advantage of on-policy learning is the simplicity as one has to handle
only one policy and does not have to take care of how to handle two policies at the same time.
The described divergence of the goals the policy is heading to is already the problem with online
learning. A policy can not get optimal and at the same be non-optimal to generate exploratory
episodes. So, the solution can be off-policy learning, which means using two policies at the same
time. One to generate the episodes, the so-called behavior policy, and one to become optimal,
the target policy. As it is in later learning states (after numerous episodes) not helpful to learn
from nearly randomly generated episodes generated from a naive policy, there are some ways
how to update the behavior policy using the target policy. In most of the learning settings,
on-policy learning is sufficient and leads to good results as shown in the chapter 5 [7]. Only for
deep Q-networks, we use off-policy learning as reasoned in section 4.2.2.

4.2.3 e-greedy learning

Another important learning technique is the e-greedy learning. This is a technique to balance
exploration and exploitation as an additional option besides off-policy learning. We use it in two
ways.
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One is the classical way in deep Q-learning as in the Atari-paper to select a random action
not necessarily following the actual policy. But this is only used in value-function approximation
methods, as they tend to explore too little. In algorithms that directly approximate the policy,
there is already randomness in the action selection process.

The other way to use e-greedy action selection is applicable to all agents and inspired by
the reference paper. There is a technique used called a look-ahead search. That means, in each
state, all available actions are checked whether they are the best ones, i.e. lead to the highest
immediate reward. This is done by scoring the resulting profiles after applying each action, and
that action with the highest score is selected [17].

4.2.4 Discount Factor

One last important parameter important to mention is the so-called discount-factor ~y, which is
used to decrease the reward of the future states to not the stuck in infinite loops when an agent
jumps cyclic between two or more states without reaching a goal state. By this discount-factor,
the reward of behavior is reduced, and it is optimal to find the shortest path to the solution.

4.3 Value-function Approximation

This section mainly focuses on the details of Q-learning that is implemented in the thesis in two
ways. There is an agent using a Q-table to approximate an appropriate policy and an agent
using a neural network to approximate the Q-function for faster and better learning. Q-learning
describes algorithms used to learn the optimal Q-function and to infer the optimal policy.

We will only approximate the Q-function of a policy, but there is the possibility to also
approximate the value-function, called value-iteration. The value-function is optimized using the
according Bellman-equation from definition 1.4. After training the function approximation, the
actions are selected using

arg max { Z P(s,a,s)[R(s,s") + ’yV(s’)}} )

acA s'eS

We discuss this algorithm not in further detail, as it is not important for the work and just men-
tioned for completeness. In theory, this algorithm would reach the optimal state-value function
v, (s) if the value iteration is performed an infinite number of times. So, it is guaranteed to
converge to the optimal policy and therefore to optimal behavior if it is trained long enough.

4.3.1 Tabular Approaches

Maybe the most intuitive way to approximate functions is to represent the target function as
a table of its inputs. In the previous sections, we used the term Q-learning as learning the Q-
function of a policy. There is also an algorithm called Q-learning, which learns a Q-function in
an off-policy fashion. But this is not what the thesis makes use of, we use on-policy learning in
the tabular case of value-function approximation. The algorithm is called SARSA, a short form
of state-action-reward-state-action, as the named terms are the main parts based on which the
Q-function is learned [45].

In tabular SARSA the state space and the action space are enumerated and stored in a table
where each cell represents the Q-value of the according state and action. As presented in section
4.1, there are several options to compute the reward given an episode. We implement all of them
in an offline fashion.
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Algorithm 1: Tabular SARSA with different Returns
Input: Learning Rate «, Discount Factor 7, A-return parameter A, step-size n
Initialite Q(a, s) random for all s € S and a € A
Initialize 7 e-greedy with respect to @
for number of episodes do
Generate episode sg, ag, 11, S1, @1, T2, ..., ST—1, Gr—1, r7 following m
fort€[0,7 —1] do
if Lambda-Return then

T n )
G=(1-=XN) > [Ny gy 4+ 9" 0(St4n)
i=1

n=1

Ise if Temporal-Difference then
no
G= ) VT
i=0

else if ]\Zonte-Carlo Return then

o)

T .
G=> 9"
i=t
end
Q(st,at) = Q(st,a¢) + a [G — Q(s¢,a4)]
end
end

4.3.2 Deep Q-networks

The major drawback of the tabular Q-learning presented above is that the convergence time and
especially the needed space increases with a growing state space. This is due to the low sampling
ratio compared to the size of the state space. To overcome this challenge one can use neural
networks to learn to approximate higher dimensional value functions.

In this section, we reimplement the algorithm presented by Mnih et al. [8]. This is the only
algorithm we implemented using off-policy learning and a prioritized experience replay buffer.

The training data are generated by interaction with the environment. As a consequence,
the samples within one episode of data generation are correlated. If these correlated data are
used together to train the agent, it mights mimic the correlation of the data. This is because
the learning techniques assume independent and identically distributed data. To avoid this, one
has to break the correlation of the samples. Therefore, a storage, called replay buffer, is used.
This store keeps training samples from the episodes generated while training and is used to
sample uniform data to learn from [46]. To further improve this technique, the buffer can be
prioritized. That means, the single samples saved in the buffer are sampled not uniformly but
with a probability relative to the information a sample contains. With this technique, samples
that might improve the agent the most are selected more often. So, the samples have to be
weighted according to their loss, therefore new samples get high values to be used early for
training. After a sample was used for learning, its weight is recomputed according to the loss
the sample produced in the learning process [47].

As in the tabular case, also for the deep Q-network algorithm, all three presented reward
functions are available.
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Algorithm 2: Deep Q-Learning with different Returns, prioERB

Input: differentiable action-value function §(s, a,8), Learning Rate a, Discount Factor
7, A-return parameter A, prioritized experience replay buffer, update-count k

Initialize 6 random (e.g. following A/(0,1)) // behaviour policy

60— =0 // target policy

Initialize 7 e-greedy with respect to ge

for number of episodes do

Generate episode sg, ag, r1, S1, a1, T2, ..., ST—1, G@p—1, r7 following m

for t € (0,7 — 1] do

if Lambda-Return then

T n .
G=(1-X) > [Ny gy 4+ " 0(st4n)
i=1

n=1

@

Ise if Temporal-Difference then
G= 3 V7t
i=0
else if Monte-Carlo Return then

T .
G=3 "

1=t

end

end
Store tuples of (s¢,a¢, r¢+1,8¢+1) in the replay buffer

(s,a,r,s") = sample from replay buffer
0=0+c {r +ymaz(s',a’,07) — (s, a,@)] Voi(s,a,0)
if every k episodes then
‘ 06— =0 // update target policy
end

end

4.4 Policy Approximation

In this section, we discuss the basics of policy approximation using policy gradients. The basic
idea of the algorithms in this section is not to approximate and learn state-value functions or
action-value functions that result from a policy. Instead, these algorithms directly learn an
approximation of the optimal policy.

Approximating policies instead of value-functions derived from those has an advantage in the
model we use. A policy approximation can better approximate deterministic policies, because
the algorithms in section 4.3 are always e-greedy and therefore select a non-optimal action with
probability e [7].

4.4.1 Policy-gradient Theorem

This theorem reasons why the policy approximation works and gives the formula for the update
of the parameters of the policy. The function used for optimization measures the performance
of a policy parametrization. This is done using the state value function derived from the policy
following the actual parametrization
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J(8) = vr(50)

As mentioned, v,, is the true value function of the policy mg determined by the actual
parametrization 6. By maximizing J the state-values of the policy are maximized, so the agents
observes the maximal reward from the states [48, 7].

The policy gradient theorem gives based on this definition the gradient of the performance J
based on the parameters 6 as

VJI(0)=> u(s)> ax(s,a)Vr(a]s,0)

Here, u(s) is a policy distribution over all states that determines how crucial errors in certain
states are [48].

4.4.2 REINFORCE

The REINFORCE algorithm uses the policy gradient theorem to approximate a policy and is the
most basic algorithm to use for policy approximation [7]. The algorithm and its update rule for
the policies parameters are implemented offline as the episodes in our model of multiple sequence
alignments are not long.

Algorithm 3: REINFORCE: monte-carlo policy-gradient Control [49]

Input: differentiable policy 7 (a | s,0), Learning Rate «, Discount Factor
Initialize policy parameter 6 random (e.g. following N (0,1))

for number of episodes do

Generate episode sg, ag, 71, S1, a1, T2, ..., ST_1, ar_1, r7 following m
for t € 0,7] do

T
G = Z ,.ykftflrk
k=t+1

0 =0+ ay'GVIn[r(a; | st,0)]
end

end

4.4.3 REINFORCE with Baseline

This algorithm generalizes the policy gradient theorem used above to the form
VI(0) = pl(s) D lax(s.a) — b(s)|Va(a | 5.0)

where b(s) a baseline function is that can be a constant or also a function, e.g. a learned state-
value function. This baseline does not affect the expected value of the update applied to the
parameters but reduces its variance [49]

33



Algorithm 4: REINFORCE with Baseline

Input: differentiable policy 7 (a | s, 0), differentiable state-value function o(s, w),
Learning Rates o and o*, Discount Factor v

Initialize policy parameter 8 random (e.g. following N (0, 1))

Initialize state value weights w random (e.g. following A(0, 1))

for number of episodes do

Generate episode sg, ag, 11, S1, @1, T2, .., ST—1, Gr—1, r7 following m

for t € [0,T] do

T
k—t—1
G= > 7 Tk
k=t+1

=G — 0(st,w)

w=w+ a¥oVi(ss,w)

0 =0+ a®'6GV In(n(a; | 5¢,0))
end

end

4.4.4 Actor-critic Methods

Actor-critic methods combine the advantages of policy-gradient methods and value-function ap-
proximation by learning both simultaneously. As the name suggests, actor-critic methods can
be split into two major parts. First, the actor selects actions according to a learned policy as in
policy gradient methods, and second, the critic, evaluating or criticizing the actions the agent
performs [7].

Since already REINFORCE with baseline learns two functions (policy and state-value func-
tion), one can argue that this is an actor-critic algorithm but we stick to the definition of Sutton
and Barto that in actor critics the critic has to influence the updating of the actor directly and
not indirect as in the algorithm of REINFORCE with baseline presented above [7].

For completeness, we also implement an actor-critic algorithm, namely the asynchronous
advantage actor-critic algorithm presented by Mnih et al. in 2016 [50]. It uses a Q-function and
an advantage-function.

Algorithm 5: Advantage Actor-Critic (A2C)

Input: differentiable policy 7 (a | s, 0), differentiable state-value function v(s, w),
Learning Rates o and o, Discount Factor v
Initialize policy parameter € random (e.g. following N (0,1))
for number of episodes do
Generate episode sg, ag, 11, S1, @1, T2, .., ST—1, G7—1, r7 following m
Q = i(sT,w)
for t € [T —1,0] do
Q=ri41+7Q
w=w+ a¥(Q — 9(s,w))>Vi (s, w)
0 =0+ a%(Q — (s, w))VIn(r(ays | 5¢,0))
end

end
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4.5 Tree-based Approaches

One could address Markov decision processes by using planning and do not use learning tech-
niques. One technique that uses planning instead of learning is monte-carlo tree-search. Because
its naive form is not powerful enough, we use an improved version.

The basic principle of pure monte-
carlo search to find an appropriate ac-
tion in a given state is to enumerate all
possible actions in a state and to simu-
late random rollouts from the resulting
state, to sum up, the final rewards of this,
and finally to select the action that max-
imizes this sum over the rollout rewards
[51, 52]. This naive algorithm has two ma-
jor disadvantages as the algorithm does
not balance exploration and exploitation
very well. This can be seen in two ways.

First, as it explores each action the same number of times, actions that would lead to an
immediate or at least forced win or lose are rolled out the same number of times as those that do
not lead to such an early decision and are therefore more interesting to explore that exploitation
of directly finishing actions.

This observation leads to the second drawback. The interesting parts are not well explored,
as there is only a fixed number of rollouts for these regions.

Algorithm 6: Vanilla-MCTS

Input: State s € S, number_of_rounds
Output: Best action in the input state
for a € A do

| v, = rollout(s, a, number_of_rounds)
end
return maz {(va)}

4.5.1 UCT

These issues of vanilla monte-carlo tree-search are fixed in the UCT algorithm which stands for
upper confidence bounds applied to trees. It uses the technique of upper confidence bounds to
guide the tree search into regions where the agent is not so confident about the evaluation of
the position. That means when it comes to action selection in a node, the agent does not select
randomly but using decision rule balancing exploration and exploitation

Inn
max Vg + C %
a ~~ Ng
Exploration ~——
Exploitation

Here, v, is the average reward a node gives, n is the total number of rollouts performed in
the whole tree, and n, is the number of rollouts through this node. The left-hand side of the
addition is used to give credit to actions that lead to a high reward that should therefore be
more exploited. The square-root gives credit to actions that are only explored a little and one
cannot be very confident about the v, of this node since this might have a higher variance than
other nodes. The C in between is a hyperparameter balancing the exploratory, right side, and
the exploiting left side. This formula defined by this formula is called the tree policy as it selects
nodes as long as the search is within the explored tree [53, 54].

During a search, the algorithm builds up a search tree based on the nodes that the algorithm
explored. In the implementation, a node has three major states. First, it is the child of an
already explored node, so it exists but is not explored. As soon as the search selects this node
(it maximized the formula above for its parent node against its siblings) it is set to be explored
with the next (in total second) visit. Whenever the search in a simulation reaches a leaf node
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Selection Expansion Sampling Backpropagation

Tree Policy Default Policy

A

Figure 4.2: Schema of UCT algorithm with a little different naming. The default policy in this
figure refers to the rollout policy in out terminology. Also the Sampling is a new phrase, we call
it Rollout.

that cannot or is not to be explored, a rollout is performed. That means a default or rollout
policy takes action as long as there are actions to select, a terminal state is reached or another
stop criterion is fulfilled. This rollout policy takes over from the policy as soon as the search
leaves the explored, known tree [53, 54].

Challenges with SP-score

The UCT-formula has a drawback we see in the next chapter. The exploitatory part of the UCT
rule, the first summand, is very sensitive to the value of the SP-score. The exploratory part,
the second summand, is designed to be in the interval [0,1]. Because we chose C' = 1 for the
hyperparameter, the formula is takes often a value that is highly influenced by the average SP-
score (vg). So, if one path seems to be clearly better than another, this path is always selected,
even though it might not be optimal. This means the exploration in the UCT rule is dominated
by the expected return. In the first part of the DNA reference comparison, this effect is not
that visible, because either the search spaces are very limited or the order does not matter that
much as in the hepatitis C virus dataset. To fix this issue, we adjust the SP-score according to
estimated bounds, following the idea of Schadd et al. [55].

The adjustment works better as the results get improved by the estimation of a minimum
and a maximum. To estimate the maximal score, we use the center-star algorithm as described
in chapter 2. As it is proven that the center-star score is at least half as good as the optimal
alignment with the scoring function; we multiply the score with 2 and get a correct upper
bound. The minimum is then estimated as the minimum score of 10 alignments following random
permutations of the sequences.
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Chapter 5

Results

In this chapter, we discuss the results of the algorithms we implement in this thesis. First, we
compare the algorithms based on the sequence data from the paper of Mircea et al. [12]. This
comparison is extended with the newest versions of CLUSTAL, MAFFT, and MUSCLE.

In a second step, we discuss results computed by the three tools compared to a deep Q-learning
agent using the A-return based on sequence data from the BAIiBASE database in version 4.0
[56].

We chose the deep Q-learning agent because it is fast and performs well on the DNA sequence
data as discussed in section 5.2. Out of the three possible reward structures for deep Q-learning,
the A-return is chosen because this return is not used in any other approach.

The reason for the second comparison is to get a wider overview of the performance of
reinforcement leanning algorithms compared to state-of-the-art tools. The second reason for the
comparison on BAIIBASE is the type of sequences. BAIiBASE is a database of protein sequences
that introduces a new aspect into the comparison.

5.1 General

All comparisons are done using both scores, C-score and SP-score. Besides that, we test the
alignments of BAIIBASE sequence alignments also using Q-score and TC-score. Unfortunately,
this additional evaluation is not possible for the DNA reference data as there are no “correct”
alignments of those sequences given in the paper [12].

5.1.1 Sequence Identity

As we will use the term sequence identity, we briefly discuss how it is defined in this thesis. As in
sequence alignments, we want to find the maximal number of equal bases or amino-acids between
two sequences. For that propose, we can apply the Needleman-Wunsch algorithm with a specific
scoring function. The modified SP-score for this task is defined as

1 if Ci =C4
0 otherwise.

e~

The final score gives the maximal number of perfect matches between the two considered
sequences. This is guaranteed by giving only credit if the compared components of the sequences
are the same. Remember, the case of ¢; = ¢; = ”-“ does not need to be considered, as it is
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forbidden to have such columns by the rules of alignments. To make a comparable score out of
this absolute number, we divide it by the length of the alignment. The identities of a sequence
file are given in a matrix that in theory should be symmetrical. Due to the way we implemented
the pairwise sequence alignment, this cannot be guaranteed.

5.1.2 Databases

We now have a look at the two main databases used for sequence comparison in this thesis, the
BAIiBASE [56] and the OxBench dataset [22].

BAIliBASE': This is a benchmark database build up in several subsets. These subsets contain
groups of sequences with similar properties, like one orphan sequence in a group of similar
sequences (reference set 2). The third reference subset, for example, contains many sequence
families to be aligned within one sequence file. In total, there are 10 reference sets of which
we use the first (sequences of variability in identity and length), the fourth (sequences with N-
terminus and C-terminus extensions), and the fifth (insertions in the sequence, so the sequences
are of very different sequence lengths). For each sequence file in BAIiBASE, there is always a
hand-crafted and validated solution containing the biologically correct alignment of the sequences
[57]. From all reference sets of BAIIBASE we focused on the first five, because those are included
in BAIiBASE since the first version and are also used in other papers for evaluation [6, 14]. From
those five sets we selected all sequence files with at most ten sequences and an average length
of the sequences of at most 500. These bounds are chosen because on problem instances with
longer sequences or more sequences the execution of reinforcement learning algorithms takes too
long. As a result, we do not use the reference sets two and three because their sequences files
were filtered out by the bounds.

OzBench: The OxBench dataset is an alternative dataset of multiple sequence alignments.
The multiple sequence alignments in this dataset are extracted from the 3Dee database of struc-
tural domains and after some preprocessing steps grouped into different sets that have certain
properties in common. Examples are small families, pairwise or multiple family alignments where
two or more groups of sequences have to be aligned. The OxBench database focuses on the align-
ing of families and not that much on different factors that influence the alignment quality as the
BAIiBASE does in its subsets for extensions, insertions, or orphan sequences [22].

5.1.3 Compared Tools

Second, we will shortly go through the settings of comparison aside from the databases, i.e. the
tools used as references and the algorithms we implement in this thesis.

CLUSTAL: Version 1.2.4 from December 16th, 2016 (Clustal Omega). As for the other three
tools, no parameters except the input and output are provided to the program. So, it is executed
in default mode.

MAFFT: Version 7.271 from July 3rd, 2020. This tool is also used in default mode, so with
no options set that influence the search. In this case, MAFFT selects the fast and progressive
FFT-NS-2 option ([5] p.4).

MUSCLE: Version 3.8.31 [6]. Finally, for MUSCLE we specify no search-influencing param-
eters and run it in default mode.

DRL-Tools: In the first step, we use ten different reinforcement learning agents or reward
structures to find the best one on the reference data. In a second step, the best agent from those
10, namely the deep Q-learning agent using the A-return, is used to compute the alignments on
BAIiBASE test files. The results are then compared to the alignments of CLUSTAL, MAFFT,
and MUSCLE.
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Networks: The networks we used for the deep reinforcement learning agents are mostly the
same over all agents. The basic structure is a feed-forward neural network with three hidden
layers of sizes 256, 128, and 64. The size of the output layer is adapted as needed. If the
networks approximate a state-value function, it is only one output node. In case of an action-value
function or a policy to approximate the network has as many output nodes as sequences in the
problem instance. The activation functions in the nodes differ. For value function approximating
networks, the first layer and the third layer use ReLUs, whereas the second layer uses a Softmax
function. For policy networks we use ReLU in the first two layers and Softmax in the last layer
and the output layer.

For deep Q-learning we use the action-value function networks, for the REINFORCE imple-
mentations and A2C we use a policy network and a state-value function network as the baseline.

5.1.4 Parameter Settings

The ten agents include 3 with different reward structures for the SARSA algorithm and the deep
Q-learning, respectively. The configurations for deep Q-learning using neural networks are the
same, except that a neural network replaces the Q-table in the SARSA-algorithm. For both, we
use a = 0.1, v = 0.9, and search support, which means the agent can only select actions that lead
to valid states. So, sequence reselection is disabled on the sequence selection level and must not
be learned. In the case of TD-learning, we use O-step TD-learning (TD(0)). For the A-return, we
use A = 0.1. In addition to this and to speed up the learning process, in the beginning, e-greedy
action selection is used. This e-greediness starts with € = 1 in the first action selection and
within the first 10% of the learning process reduced to € = 0. So, the first sequence is random,
whereas the major part of the learning is depending on the learners’ action selection.

Besides these six function-approximating agents, three policy-approximating agents are tested,
namely REINFORCE with and without a baseline and the actor-critic algorithm (A2C) discussed
in chapter 4. In those three algorithms we use o = 0.01, v = 0.99, and search support as in the
function-approximation algorithms. For REINFORCE with baseline and A2C, the baseline or
critic is implemented as a neural network approximating the state-value function.

As a computer to execute all programs, we use an Ubuntu Server, Version 18.04.4 LTS (Bionic
Beaver) with 8 kernels and 4 GHz clocking.

5.2 DNA Datasets

In this second section, we discuss the results of our implementations compared to the references
from other reinforcement learning approaches and compared to the three classical tools. These
datasets are taken from the reference paper of Mircea et al. [12].

The tables A.4 and A.5 show the scores of progressive alignments based on the DNA datasets
optimizing for both scores.

As we see, the reinforcement learning agents are mostly equally good. This is also visualized
in figure 5.1. The equal performance is because of the way all of them work like. An additional
factor is that the number of sequences in the sequence files is low. In the beginning, the agents
are choosing random actions guided by a policy to be improved while learning. So, the sequences
chosen in each step are nearly random, and the exploration of the search space is performed very
widely. As for 3 sequences, there are only 6 possible orders to align the sequences. Those are
quickly visited so that the search and therefore the learning is stopped. We discuss this in more
detail in section 5.4. The scores of the brute-force alignments support this hypothesis of seeing in
the entire search space and selecting one optimal order. This observation holds for both scores,
the C-score and the SP-score.
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Figure 5.1: Comparison of the SP-score of different agents on the OxBench 429 dataset. The
low SP-score of the UCT agents is handled in section 5.2.

The three datasets with more than 3 sequences are the OxBench dataset 429 containing
12 sequences, the hepatitis C virus dataset (10 sequences), and the papio anubis dataset (5
sequences). The search spaces for the first two of those are not entirely visited as those are
too large. The search space of papio anubis is special, it consists of 120 different profiles and is
explored by some algorithms as we see in table A.33. Nevertheless, for the hepatitis C virus and
papio anubis alignments the agents perform equal because the sequences have identities above
90% (see table A.1 and table A.2), so the order of how to align the sequences does not matter
that much.

The small differences in the C-score of alignments might arise from rounding errors. This can
be seen for the alignments of papio anubis sequences, dataset 1, and OxBench 429 in table A.4.

SP-score Comparison

Comparing the SP-scores for the DNA datasets to the reinforcement learning algorithm from
Mircea et al. [12] is difficult because they and Jafari et al. [13] did not optimize for the SP-score.
So, we look at the SP-scores of the tools optimized for the C-score. From this, it is obvious that
the reinforcement learning agents optimizing the SP-score outperform the SP-scores of C-score-
optimized alignments.

To get a fair comparison for SP-score, we can additionally look at the SP-scores of the agents
optimized for the C-score. Those scores are given in table A.6. The SP-scores of our agents are
similar to the scores we get when optimizing for the SP-score. This is due to the fact that the
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datasets contain only 3 sequences. So, the search space can be visited entirely. Another factor is
that the not optimized score is used as a tiebreaker in case of an equal main-score. That means,
if there is an alignment order that optimizes both SP-score and C-score, this is the optimal
alignment for both settings even though there are other orders that lead to the same optimal
main-score. Especially for the OxBench 429 data, it is interesting to see that there seem to be
multiple orders to align the sequences leading to the same C-score but highly different SP-scores.
This can also be seen in figure 5.2.

Additional Data

For the second part of this first comparison and to get a slightly more differentiated view on the
comparison, we chose two more files of sequence data from the OxBench Database and three files
of protein data to get a first impression of how reinforcement learning agents perform on protein
and other DNA data. The results of this can be seen in the tables A.7 and A.8.

Also in these comparisons, the reinforcement learning agents outperform the three classical
tools: CLUSTAL, MUSCLE, and MAFFT. And again, all algorithms perform nearly equally. The
differences in SP-scores between the reinforcement learning agents and the classical approaches
can be explained easily. The state-of-the-art approaches also optimize an SP-score, but this
SP-score is computed more gradually and biological more useful than our score. Some additional
features we discussed in chapter 2.

MCTS

In figure 5.1 we see a worse performance of the UCT agent compared to all other agents. This
problem can be found in other comparisons as well. The scores drop for 3 out of 5 sequence
files by at least 180 points (10% of the total score). An approach to overcome this challenge is
discussed in section 4.5.1.

The comparison of the results between the normal and the adjusted UCT agents can be seen
in table 5.1. The quality of the resulting alignments is not optimal, especially the alignments for
the OxBench datasets 641t2 and 34. This smaller gap in the performance between the adjusted
UCT and the optimal progressive alignment might be due to the quality of the bounds. If the
center-star finds an optimal or nearly optimal alignment for progressive alignments, the upper
bound with being twice the score, and the range [0, 1] is nearly reduced to [0, 0.5] which shrinks
the performance of the UCT agent.

5.3 Protein Datasets

Already in the second comparison step of the previous section, we discussed some protein re-
sults and they look promising. Deep reinforcement learning outperformed the three classical
approaches on the data. To validate and double-check this result, we perform a more compre-
hensive analysis on more protein data from the BAIiBASE.

The presented approach for the multiple sequence alignments takes much more training time
than the classical approaches as we will discuss later in this chapter. Because of this longer
computation time, we analyze only those sequences from the first 5 reference sets that have less
than 10 sequences and an average number of bases or amino acids below 500. Which datafiles
these are can be seen in tables A.9, A.10, and A.11.

The comparison in this field will be a bit different from the one before. Instead of analyzing
each sequence file on its own, we average in groups of sequence files. In these groups, we compute
the average score for each agent. As the computation of these alignments takes much longer than
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Figure 5.2: Comparison of the SP-score of different agents on the OxBench 429 dataset. The
SP-scores of agents that optimize the SP-score are shown in blue, the SP-scores of agents that
optimized the C-score are shown in red.

for the few sequences above, we only look at the performance of the deep Q-learning agent using
the A\-Return and A = 0.1.

In the following, we discuss the average scores for the different groups within the BAIiIBASE
dataset. The ratio columns in the tables give information about how many alignments one of the
reinforcement learning algorithms computed better than the classical approaches. “Win Ratio”
gives the ratio of performing better then all the classical tools. The “Draw Ratio” gives the ratio
that one of the deep Q-learning agents performs better than at least one of the classical tools.

The groups are divided as in the BAIiBASE Benchmark. Additionally, we divide the reference
sets 1.1 and 1.2 into two sets of sequence lengths below 100 nucleotides and a set of sequences
up to a length of 500 nucleotides. The sequences in the reference set 1.1 have an average identity
level of 20-25% per database file, whereas the sequences in 1.2 reach a level around 25-30%.

In the tables A.12 and A.13 the comparison of the average Q-scores and TC-scores are de-
noted. These scores are not optimized by the agents, as these scores can only be computed
knowing the optimal alignments of the sequences. The classical approaches use special adaptions
of the SP-score that is biologically optimized to mirror the optimal alignments. In contrast,
we use a simple scoring function that gives only credit for matches, mismatches, and gaps. We
discuss ways how this could be improved in the chapters 2 and 6, and also in the next chapter.
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Benchmark Data References
Type | # Segs | OLen | BF | Normal | Adjusted

Hep-C-Virus DNA 10 212 - 18627 18627
Papio Anubis DNA 5 1092 | 18881 18848 18875
Oxbench 469 DNA 3 332 672 639 672
Oxbench 429 DNA 12 171 - 11853 12006
LGM-Dataset DNA 3 39 348 342 348
RLO-Dataset DNA 3 93 488 488 488
Dataset 1 DNA 3 129 167 167 167
OxBench 414 DNA 6 154 1974 1743 1965
OxBench 415 DNA 4 126 603 603 603
OxBench 433 PEP 3 186 353 353 307
OxBench 641t2 | PEP 3 271 1053 870 887
OxBench 34 PEP 6 215 1490 1147 1208

Table 5.1: SP-score comparison of UCT agents for normal setting and an adjustment of the
SP-score to be scaled to a range between 0 and 1.

So, it is not surprising that reinforcement learning approaches perform dramatically worse than
CLUSTAL, MUSCLE, and MAFFT.

The results comparing the SP-scores and C-scores, namely the tables A.14 and A.15, of the
agents are way better than the comparison of Q-scores and TC-scores. But when we look at the
average SP-scores in the reference sets 4 and 5, we see a dramatic difference between the scores.
Remembering the results from the reference sets, we did not expect such major differences.

Also, the C-score comparison shows that C-score optimizing agents performs a little better
than the SP-score optimizing agent, but is still worse than the classical approaches. Here,
the differences are smaller than in the SP-score comparison. A reason for this might be the
inappropriateness of the C-score, especially for protein alignments. The more sequences an
alignment contains, the more mismatches per column arise just because more sequences might
introduce a mismatch in a single column. This means, the SP-score evaluates the alignment
quality more graduated.

Unfortunately, in this comparison not all files from the BAIIBASE reference sets are tested.
This is because of the length and count of the sequences which both slows the alignments ex-
tremely down. So, the runtime of our algorithms is too long. We analyze this in section 5.4.

5.3.1 Alignment Analyse

To find reasons for the gap in the performance between the reference set of sequences and the
BAIIBASE alignment, we take a closer look at the alignments for some of the datasets found by
the classical approaches and by the reinforcement learning agents.

From the tables A.9, A.10, and A.11 in comparison to table A.3 we see that in BAIIBASE,
the sequence lengths within a sequence file vary much more than in the DNA data form Mircea
et al. [12]. This can easily be seen from the “Range”-column in each table. For the DNA data
the range is on average 15, mostly influenced by three benchmark files. The median range in
this set is 6. Out of all BAIIBASE sequence files, we analyze only one file that has a range
below 6. A second very good measure for the high divergence of sequence lengths is the standard
deviation of those sequences. The standard deviation of the sequences sizes within a file is also
much higher than in the DNA sequence set (around 50 (reference set 1.1), 80 (reference set 1.2),
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and 40 (reference sets 4 and 5) in the BAlIBASE reference sets compared to 5 in the reference
data from OxBench [22] and Mircea at al. [12]).

For the analyzed alignments, we provide the identity matrix in the tables A.17 to A.29.
Those sequence files are chosen based on their properties of the sequences and the compared
performance of the algorithms. We will look at files with better alignment by reinforcement
tools as well as from the classical tools. But we also investigate the structure of the sequences as
the reference sets of BAIIBASE distinguish them well into different groups that share important
properties. The analyzed sequences are from 3 different reference sets, set 1 which is itself divided
into two separate sets of different identities, < 25% (RV11) and > 25% (RV12).

When we refer to the term ”structure to align”, we mean, that the identity matrices show
subgroups of the sequences that have higher internal identity. Examples for this will be marked
in the tables. This is based on the idea, that similar sequences should be aligned first which is,
for example, used in the scoring function of CLUSTAL [4].

Reference Set 1.1

The insights into the actual alignments help to understand how the sequences are aligned and
what ideas for further optimization are. On the sequences from BB11001 (A.17 and figure 5.3),
BB11002, (A.18), and BB11003 (A.19) the classical approaches outperformed the reinforcement
learning agents by far. From the identity matrices, we see that none of the three matrices indicate
a guide tree to use for alignments. For the first two alignment trees, no structure in the alignment
trees can be seen. The same holds for BB11025 (A.21). The table indicates no clear structure
on how to align the sequences in the matrix. So, the way the sequences are aligned looks similar
to the first three datafiles above.

What is striking about the three problems is that in the alignments of the reinforcement
learning agents the gaps are heavily split. This means there are many small, even only one or
two positions long gaps, and then only two or three bases come before the next gap opens. This
phenomenon can be seen in nearly all files from BAIiIBASE we analyze. The reason for this is
simple and rooted in the very simple SP-scoring function we use. We use a formula with linear
gap costs and not with affine costs. The difference is the weighting of the gaps based on their
position within an entire gap, and we discussed this in more detail in chapter 2.

In the example of BB11001 (see figure 5.3), we see that the state-of-the-art agents outperform
the reinforcement learning agents on the Q-score and TC-score, whereas the latter agents perform
far better on the scores they are optimized for. This is not always the case as we see the tables
A.14 and A.15.

The next problem instance we take a closer look at is the file BB11013. In this file, the C-score
optimizing agent performs second-best in terms of the Q-score and was the best in terms of the
TC-score. Again, there is no indication for an alignment order based on the sequence identities.
This file has 5 sequences of an average length of 71 with one long sequence. The C-score agent
aligns the longest in the second step and the classical tools even in the first. Contrary to the
C-score optimizing agent, the SP-score optimizing aligns the longer sequences at the end. So, it
seems to be a good choice to align longer sequences at first or at least early.

So far, we analyze alignment from the reference set RV11 with low sequence identity. In the
next set, RV12, this similarity is a bit higher. As we can see from the tables A.12 and A.13 the
Q-scores and TC-scores are also much higher. So, the algorithms, classical and reinforcement
ones, can handle them better.
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Figure 5.3: Comparison of the four scores on all agents for BB11001.

Reference Set 1.2

The first file we analyze in more detail is BB12020, table A.22, with only four sequences and a
similarity matrix that indicates to align the first two and the last two sequences in the first step
and then both profiles against each other. While the classical tools do so, this type of alignment
is not possible for the reinforcement algorithms as they can only align one sequence against a
profile, which results in stairs in the alignment as discussed in chapter 2. But both reinforcement
learning algorithms we use align the sequences 3 and 4 in the first stepfollowed by the two other
sequences. Astonishingly, the alignments of the reinforcement algorithms are more compact than
in the reference set 2 and perform clearly better than CLUSTAL, which aligns the two groups
described above in a shifted way with large gaps at the beginning of the end of each pair of
sequence.

In the BAIiBASE files BB12024 (A.23) and BB12040 (A.25), we see similar behavior to the
first analyzed reference set. The reinforcement algorithms introduce way too many small gaps
comprising only one or two gaps. So, the classical tools outperform the reinforcement learning
algorithms by far. In both, the similarity matrix introduces no clear structure on how to align
the sequences.

This is different in BB12036 (A.24 and figure 5.4). In this file, the sequences 1-3 and 5-
7 are more similar in their smaller groups and therefore CLUSTAL and MAFFT align these
subgroups at first and merge them than with the remaining sequence in a second step. A similar
issue we have in BB20020, where two subgroups with higher internal similarity can be identified.
This alignment in two subgroups can not be mirrored by the reinforcement learning alignments.
Because of the used MDP the agents are not able to build complex trees but simple orders of
how to align sequences.

As in the first reference subset, we see in this second reference subset that the classical
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Figure 5.4: Comparison of the four scores on all agents for BB12020.

approaches perform better than the reinforcement learning algorithms. The primary reason for
this is the SP-score we use to optimize the alignments. This scoring uses linear gap costs and
not affine gap costs. It might improve the results very much to adapt the scoring in a way that
uses affine gap costs. In the following, we inspect the only alignments from the reference sets 4
and 5 we computed for this analysis.

Reference Set 4

The first two files from reference set 4, BB40010 (A.26) and BB40014 (A.28), are similar. As
all sequence files in this reference set, they comprise a few long sequences and multiple smaller
ones. Compared to the shorter sequences, the longer ones have extensions at the N-terminal
and C-terminal ends of the sequence, so the smaller ones are aligned in the middle of the longer
sequences. In the classical approaches, the longer sequences are mostly aligned at the end,
whereas the reinforcement algorithms align them earlier. And as in the previous reference sets,
similar sequence groups are aligned early in CLUSTAL, MUSCLE, and MAFFT whereas the
reinforcement learning algorithms cannot find their groups and disregard them. As a result, they
perform very poorly and cannot compete with classical tools.

The last alignment from the reference set 4, BB40018 (A.28), is different as two longer
sequences are aligned offset. Additionally, the similarities between the sequences are low, so
there is no sign for a grouping. Again, we see many smaller gaps in the alignments of the
reinforcement learning algorithms.
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Figure 5.5: Exemplary comparison of the runtime of the different agents on the OxBench 429
dataset. The lines of the SARSA agents and deep Q-learning agents show from left to right the
runtime using the A-return, the MC-return and the TD-return. The policy curve shows from left
to right the runtime of REINFORCE with baseline, REINFORCE without baseline and A2C.

Reference Set 5

Other than in reference set 4 the sequences from reference set 5 have internal insertion instead
of N-terminal and C-terminal extensions. So, the smaller sequences have to be aligned with
a larger gap in the middle, whereas the longer sequences define more or less the length of the
alignments. The only alignment in this section we look at is BB50004 (A.29). From the table, we
see that there are two subgroups to align first because of their higher internal similarity. Those
groups are sequences 1, 3, and 4, and sequences 2, 5, and 6. The classical alignment algorithms
perform again clearly better, and the known problem of many small gaps occurs again in the
reinforcement learning alignments.

The most mentioned problem with the alignments is the gaps that too numerous and too
small to have a reasonable biological meaning. The solution to use might be affine gap costs that
should merge many small gaps into a few bigger ones. Something similar has been used by Mircea
et al. for their alignments on the few DNA datasets [39]. We assume major improvements while
the paper shows only minor improvements. The reason for our view is the difference between
the sequences we want to treat with this alternative gap handling. As mentioned earlier in
this chapter, the lengths of the DNA sequences within one sequence file do not vary that much
compared to the protein sequences. So, in alignments, fewer gaps are inserted, which means the
handling of the gaps does not change the resulting alignments that much as in alignments with
more gaps. On the other hand, the protein sequences contain more gaps in their aligned form
and have more options to place the gaps.

5.4 Runtime

The final aspect of this analysis of the reinforcement algorithms is the runtime of the algorithms.
In contrast to tools like CLUSTAL, MAFFT, and MUSCLE, the presented agents perform many
more alignments. The reason for those additional alignments is rooted in the idea of reinforcement
learning and its trial-and-error character. To learn an agent has to train for many episodes in
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Figure 5.6: Exemplary comparison of the runtime of the different agents on the OxBench 429
dataset. The red lines show the runtime optimizing the C-score and the blue lines show the
runtime when optimizing the SP-score.

The lines of the SARSA agents and deep Q-learning agents show from left to right the runtime
using the A-return, the MC-return and the TD-return. The policy curve shows from left to right
the runtime of REINFORCE with baseline, REINFORCE without baseline and A2C.

its environment. Transferred to multiple sequence alignment, the agent has to perform many
alignments to find out which are good and which are not that good.

The resulting runtimes can be seen in table A.30 and also in figure 5.5 for optimizing the
C-score and in table A.31 for optimizing the SP-score. The runtime differs not very much
between the two different scores to optimize as exemplary shown in figure 5.6. As explained, the
reinforcement learning algorithms are much slower than the state-of-the-art tools. And compared
to the references we discussed in chapter 3, the runtimes are similar, but difficult to compare.
Mircea et al. stop their time measurement as soon as the convergence arise. So, not the complete
training is conducted but only a few episodes until a stop criterion that depends on convergence
was fulfilled [12].

The algorithms we implement train for 5000 episodes or until all possible alignments have been
found. The additional criterion introduces a more practical aspect, as learning is not necessary
anymore if already all possible alignments have been found. From this some discrepancies arise,
e.g. the deep Q-learning agents show highly different runtimes on the LGM dataset and on the
RLO dataset. This is because the agent found the last alignment very late. If this remaining
alignment is found at the end of the training the training is conducted much longer compared to
trainings where all possible alignments are found early in the training process.

This phenomenon explains the different performances on the smaller datasets with 3 se-
quences. Differences in runtime on the three larger datatsets can also be explained in a very
similar. For the three datasets with over 3 sequences, we additionally analyse the explorations
of the different agents. The tables A.32 (hepatitis C virus), A.33 (papio anubis), and A.34 and
figure 5.7 (OxBench 429) show the number of entries per permutation length. So, how many
different permutations of a certain length an agent has analyzed during the learning process. For
the datasets with 3 sequences this would not be informative, because all agents find all permu-
tations and the tables contain no information about the point in time in the learning process
when the permutations are found. The minimal number of sequences in a profile shown in the
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tables is two because at least two sequences are needed to perform an alignment. The maximal
number is one less than the maximal number of sequences that can be aligned in a dataset. This
is a trick we use in the implementation because the last number in an order of numbers is clear
and therefore neither need to be learned nor need to be specially selected. So, we get rid of a
not necessary learning step and have smaller tables and networks.

From those three tables, we get some interesting insights. First, we see that the SARSA
algorithms are less exploratory than the other algorithms and also deep Q-learning explores not
that much. On the other hand, the three policy agents are much more exploratory. The al-
gorithms for the policy agents are because of the action selection mechanism more exploratory
than SARSA and deep Q-learning, because policy agents estimate probabilities for the actions
and select along them, whereas SARSA and deep Q-learning selects actions greedily after ending
of the e-greediness. Also, the UCT agent is also straight in its action selection. This can also be
seen in figure 5.8. The number of profiles explored in an UCT execution is between the values for
deep Q-learning and policy approximation. Second, there is no notable difference in exploration
between the two scores to optimize. In neither algorithm, the degree of exploration differs by
more than the factor 2 and is mostly equal between the different optimization settings of the
same algorithm. And finally, the policy agents converge for longer sequences to maximum of 5000
and 6000 different profiles that are explored during the search. The reason for this is simple,
because the algorithms are only allowed to perform 5000 or 6000 alignments, respectively. That
this bound is reached might be an indication to rise the number of alignments to perform in the
training so that the policy agents can explore the search space with larger profiles better.

From these results, we can see that algorithms that use are good to optimize a specific score
and can outperform the classical algorithms such as CLUSTAL, MUSCLE, and MAFFT based
on these scores. They are also good, when the order of how to align those sequences does not
really matter because they are similar or of equal length. But for more complex alignment set-
tings like multiple sub-families within one alignment or highly divergent lengths as we see in
BAIiBASE, the algorithms do not perform that well and can find only a few better alignments
than the classical approaches. Also, evaluating a score that the agent is not optimized for is
not a pleasant setting for reinforcement learning (i.e. evalutating Q-score or TC-score while
optimizing for the SP-score or C-score). So, there is much work to do until the reinforcement
learning alignments compete with state-of-the-art tools.
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Figure 5.7: Exemplary comparison of the exploration of the different agents on the OxBench 429
dataset. The lower line consists of all three SARSA agents.

6.000 - | ‘ | || avg. SARSA
’ ——avg. deep Q-learning
—a— avg. Policy
@ —h— UCT
% 47000 | | avg. SARSA
% —=—avg. deep Q-learning
E; = avg. Policy
% —r— UCT
2,000 |- |
=
0 [ |
| | | | | | | |

| |
2 3 4 5 6 7 8 9 10 11
Number of sequences
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category, except UCT.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this work, we applied multiple algorithms from the field of reinforcement learning to the
biological problem of multiple sequence alignments. We performed an extensive comparison with
the three state-of-the-art tools, namely CLUSTAL, MUSCLE, and MAFFT, and with other
reinforcement learning algorithms that were applied to multiple sequence alignments.

We used model from Mircea et al. [12] for simulating the progressive alignment process that
is also the base of the three compared classical tools. Therefore, we implemented ten different
algorithms from the field of multiple sequence alignment. These agents were applied to several
problem instances and compared the results to other tools that also use reinforcement learning.
We could easily reproduce the results from the papers this work is based on. Other than these
previous research papers that applied reinforcement learning to multiple sequence alignments,
we conducted a more comprehensive comparison on DNA data as well as on protein sequence
files from the BAIiBASE reference.

In chapter 5, we saw that reinforcement learning performs well on sequences that have almost
the same length. Unfortunately, for some of those problem instances we used, no biologically
“correct” or hand-crafted solutions are available. So, we cannot compute Q-scores and TC-scores
to see how well reinforcement learning performs in terms of biological correctness. Also on the
additional data from the OxBench dataset, our agents outperform the classical tools in terms of
the SP-score and C-score. But when it comes to sequences form the BAIiBASE whose lengths
are more different, the alignment quality sinks as there are multiple small gaps interrupt the
sequences in the final alignments. On most of the alignments, all state-of-the-art tools clearly
outperformed our agents.

But the major drawback of reinforcement learning in multiple sequence alignments is the time
that is needed to compute the alignments. Classical approaches solve the BAIIBASE alignments
within seconds or milliseconds; whereas the computation of our agents last for hours on the same
sequence data. The reason for this is primarily based on the number of alignments a reinforcement
agent computes compared to the number of alignments a classical alignment algorithm does. For
example, CLUSTAL performs basically one progressive alignment that is then improved by a
few iterative refinement steps, no matter how many sequences are to align. On the other hand,
a reinforcement agent performs 500 - “the number of sequences to align” alignments which are
not necessarily different but in total that are often tens of thousands of pairwise alignments to
compute, either of two sequences of a sequence and a profile.

So, the results of reinforcement learning in the field of multiple sequence alignment are very
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promising, especially for a few sequences, DNA sequences, and sequences of similar lengths.
These requirements for successful reinforcement learning agents are fulfilled by the dataset from
[12], but not by the sequences from the BAIIBASE. In order to improve the results on those
sequences, further research is needed.

6.2 Future Work

In this following section, we discuss some interesting work to improve and expand the fields of
application for reinforcement learning based alignments of multiple sequences.

6.2.1 Biological

In order to reach better Q-scores and TC-scores, one can use other variants of the SP-score for
optimization. Actually, we use an SP-score with linear gap costs that lead to many single, small
gaps in the alignment and multiple spread nucleotide islands. To prevent this, affine gap costs
are very important.

Further improvements to the SP-score are the scores of the classical approaches that are also
based on the SP-score but take many biological features of the sequences into account that are
used to weight gap positions more sensitive or to weight sequences in the SP-Scoring. Some of
those are described in chapter 2 and taken from the CLUSTAL scoring function. So, it would
be very interesting to see if reinforcement learning is able to outperform the classical tools using
their own scoring.

Another biologically interesting aspect of future work for reinforcement learning based mul-
tiple sequence alignments would be to explore, which other types of alignments could be ad-
dressed. So, for example, this technique could be applied to structural alignments and compete
with MUSTANG. This approach is very easy to apply to different tasks, because one basically
has to exchange the scoring function and the input to the learner.

6.2.2 Computer Science

The most obvious field of improvement, is to optimize hyperparameters. It is very time expensive
to find the optimal values. Improving hyperparameters would especially include the values «;, -,
and A as those are the most influencing ones. Other hyperparameters influence the e-greediness
of the algorithm, so how long and to which value the € is decreased.

Apart from this, the network structure used in the algorithms plays an important role. We
actually use relatively tiny networks with only a few hidden layers. It would be better to find
structures that match the number of input nodes better and more flexible. This means a mid-size
network is too large for small instances of only a few sequences. This means, training a smaller
network would be faster because it has fewer nodes. On the other hand, a mid-size network
might be too small for larger problems with many more sequences. So, a network with too few
nodes might be not able to learn relations between the input and the output.

Another idea regarding the networks is so-called long short-term memory- (LSTM-) cells
that are used by Jafari et al. [13]. Other than the usual network cells, those LSTMs offer
additional learning features and might increase the learning and convergence speed and quality
of the alignments.

Some simple and more comprehending additional features are online learning for faster con-
vergence of the learning process. Even though it is more variable for larger state spaces, it might
be more efficient for larger state spaces as the learning process starts earlier and is performed
more often.
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The same holds for on-policy learning and off-policy learning. This is not investigated for all
the agents we use. The only agents performing off-policy learning Q-learning agents, all others
learn on the same policy they also use for episode generation. So, it would be interesting to see
if this has an effect on the efficiency of the learning process.

Another very interesting feature is also the use of eligibility traces that are an additional
alternative to the lambda return in Q-learning. This is also a method to speed up the learning
process as it makes the A-return usable in online learning.

As we briefly discuss in chapter 5, the performance of the adjusted UCT algorithm is heavily
based on the balancedness of the exploratory and exploitatory part of the UCT-decision-rule.
The better the estimated bounds for the alignment score match the interval within the score while
learning falls in, the better the balancedness of the two parts and the better the performance of
the UCT agent. So, finding better approximation for the bounds of the SP-score might lead to
better results from the UCT agent.

Beside those improvements of the algorithms we use, one could change the complete setting
we learn in. We briefly discuss other Markov decision processes than the one we use in this work.
Especially the one presented by Edelkamp et al. could be interesting for other reinforcement
learning algorithms than Nested MCTS. AlphaZero for example performed very well in tree-
based models like the one presented by Edelkamp et al. [14, 9].

As we mentioned multiple times during this discussion, it would be interesting to align se-
quences in subgroups like a tree. Therefore, the network output has to be converted into a tree
representation. Doing this adds the ability to solve multiple sequence alignments in subgroups
to the reinforcement learning agents. This is very useful to solve alignments from the reference
set 2 of the BAIIBASE efficiently, as those consist of multiple distinct subgroups. One drawback
of this is that only complete trees can be aligned and scored. This makes it nearly impossible to
apply online learning to this because there are no intermediate steps to score.

Based on this idea, iterative alignments can be performed with a second network structure
that selects edges from an input tree to be removed and recreated, just like in MAFFT. This
network needs comprehensive information about the tree that has to be refined.

Most of the previous ideas try to improve the convergence and therefore the learning speed
of the agents. Another idea to get better results is to add more information to the networks that
decide which sequence to align next. This information can be given as a similarity matrix of
the sequences to a convolutional layer that is later merged into the net. This information about
similarities would help the agent to find similar sequences that should probably be aligned first.

Another type of information to input into the network is the sequence lengths. So, it can be
learned by the networks to align longer sequences at first or at the very end.
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Appendix

Name 1 2 3 4 ) 6 7 8 9 10

Z75850 | 1.0 | 0.97 | 0.96 | 0.97 | 0.97 | 0.96 | 0.97 | 0.94 | 0.92 | 0.95
775841 | 097 | 1.0 | 099 | 1.0 | 1.0 | 0.99 | 1.0 | 0.97 | 0.95 | 0.97
7275852 | 0.96 | 0.99 | 1.0 | 0.99 | 0.99 | 1.0 | 0.99 | 0.96 | 0.94 | 0.96
7275854 | 097 | 1.0 | 099 | 1.0 | 1.0 | 099 | 1.0 | 0.97 | 0.95 | 0.97
Z75858 | 0.97 | 1.0 | 0.99 | 1.0 1.0 | 0.99 | 1.0 | 0.97 | 0.95 | 0.97
775851 | 0.96 | 0.99 | 1.0 | 0.99 | 0.99 | 1.0 | 0.99 | 0.96 | 0.94 | 0.96
Z75853 | 0.97 | 1.0 | 0.99 | 1.0 1.0 { 0.99 | 1.0 | 0.97 | 0.95 | 0.97
775859 | 0.94 | 0.97 | 0.96 | 0.97 | 0.97 | 0.96 | 0.97 | 1.0 | 0.94 | 0.94
775860 | 0.92 | 0.95 | 0.94 | 0.95 | 0.95 | 0.94 | 0.95 | 0.94 | 1.0 | 0.94
775861 | 0.95 | 0.97 | 0.96 | 0.97 | 0.97 | 0.96 | 0.97 | 0.94 | 0.94 | 1.0

O 00 | O U x| W| N

—
o

Table A.1: Similarity matrix for the hepatits C virus type 1b sequence data from [12].

Name 1 2 3 4 5

U35624 | 1.0 0.9 | 091 | 0.84 | 0.83
U35625 | 0.9 1.0 0.9 | 0.84 | 0.83
U35626 | 0.91 | 0.9 1.0 | 0.84 | 0.83
U35627 | 0.84 | 0.84 | 0.84 | 1.0 | 0.89
U35628 | 0.83 | 0.83 | 0.83 | 0.89 | 1.0

Y = W N =

Table A.2: Similarity matrix for the papio anubis sequence data from[12].
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. Sequence Lengths
Name Seq. Identity | Seq. Count Median Ave?rage Rar;gge Std. Dev.
Hep-C-Virus 0.97 10 212 211.9 1 0.30
Papio-Anubis 0.86 5 1092 1093 10 4.29
OxBench469 0.54 3 336 332 18 7.87
OxBench429 0.73 12 174 171 30 7.14
LGM 0.707 3 93 93 2 0.82
RLO 0.647 3 129 129.33 1 0.47
Dataset 1 0.753 3 39 39.33 1 0.47
OxBench 414 0.567 6 157.5 154.5 27 8.96
OxBench 415 0.598 4 126 126 0.0 0.0
OxBench 433 0.39 3 60 62 6 2.83
OxBench 641t2 0.55 3 201 198.67 11 4.78
OxBench 34 0.34 6 88 92.83 35 12.21
| Average \ 0.64 | 508 ] 22563 [ 22613 | 11.83 | 4.18

Table A.3: Properties of the first dataset with DNA sequences from [12] and some protein
sequence data from the OxBench dataset to test the performance on protein sequence data.
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. Sequence Lengths
Name Seq. Identity | Seq. Count Median Ave(irage Rafge Std. Dev.
BB11001.tfa 0.24 4 85.5 86.25 8 2.95
BB11002.tfa 0.20 8 83 98 141 43.04
BB11003.tfa 0.24 4 475 470 102 41.79
BB11004.tfa 0.24 4 419 421 66 26.66
BB11006.tfa 0.23 8 2515 | 244.75 97 34.67
BB11007.tfa 0.24 9 411 418.33 72 24.91
BB11008.tfa 0.17 4 288 305 436 195.35
BB11009.tfa 0.19 4 215 216 240 113.22
BB11010.tfa 0.24 4 492 491.5 2 0.87
BB11011.tfa 0.23 5 216 201 82 31.62
BB11012.tfa 0.24 4 369.5 364 77 28.04
BB11013.tfa 0.21 5 74 71.6 50 18.14
BB11015.tfa 0.25 4 305 308.5 30 12.22
BB11016.tfa 0.23 8 4525 [ 4705 413 114.07
BB11017.tfa 0.24 4 250 252.75 17 6.94
BB11019.tfa 0.25 10 3495 | 3484 97 27.02
BB11020.tfa 0.24 9 219 219.22 36 13.21
BB11021.tfa 0.24 4 114 117.25 37 14.91
BB11022.tfa 0.21 4 102 118 142 56.29
BB11023.tfa 0.24 7 309 309.86 | 176 59.21
BB11024.tfa 0.23 4 395.5 407 93 35.05
BB11025.tfa 0.20 4 82 82.75 39 17.85
BB11026.tfa 0.18 7 98 240 830 283.49
BB11027.tfa 0.23 7 209 232.57 [ 257 82.65
BB11028.tfa 0.22 10 1775 | 1588 118 48.46
BB11029.tfa 0.22 4 94.5 102 57 22.33
BB11032.tfa 0.23 8 283 294.75 [ 177 53.91
BB11034.tfa 0.24 8 4715 [ 491.62 | 328 97.93
BB11035.tfa 0.24 5 85 97.4 67 24.95
BB11036.tfa 0.24 8 370.5 370 138 44.07
BB11038.tfa 0.23 8 335 364.25 | 353 106.99
| Average | 0235 6 | 260.71 | 2701 | 154.13 | 5428 |

Table A.9: Properties of the sequence data we use from the reference set 1.1 from BAIIBASE
v4.0.
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Sequence Lengths

Name Seq. Identity | Seq. Count Median | Average | Range | Std. Dev.
BB12002.tfa 0.26 6 213 208 66 20.46
BB12003.tfa 0.28 8 66.5 71.25 27 11.00
BB12005.tfa 0.28 9 202 209 37 12.06
BB12006.tfa 0.28 4 233 232 22 7.97
BB12009. tfa 0.21 5 72 112.6 134 54.75
BB12010.tfa 0.27 7 357 34829 | 120 37.11
BB12012.tfa 0.25 4 324 3735 250 102.60
BB12014.tfa 0.23 9 69 97.22 205 61.36
BB12016.tfa 0.17 5 124 494.2 987 471.93
BB12017.tfa 0.28 7 AT7 472.86 43 15.34
BB12020.tfa 0.26 4 1275 | 1255 11 4.50
BB12021.tfa 0.30 6 73 75.67 14 5.50
BB12022.tfa 0.18 5 157 250.4 396 180.39
BB12024.tfa 0.30 4 241 243.25 39 14.04
BB12025.tfa 0.24 4 210 202 42 17.10
BB12028.tfa 0.24 8 276.5 | 2945 272 83.67
BB12032.tfa 0.28 9 65 66.11 24 7.19
BB12033.tfa 0.25 7 470 454.71 | 370 120.43
BB12034.tfa 0.28 4 279 276.25 19 7.26
BB12036.tfa 0.30 7 217 209.57 32 13.16
BB12038.tfa 0.23 10 259.5 | 4924 | 2091 | 610.57
BB12040.tfa 0.26 5 129 132.2 40 15.52
BB12041.tfa 0.27 7 110 113.57 37 11.65
| Average | 0.268 6.26 | 206.61 | 241.52 | 22948 | 8198 |

Table A.10: Properties of the sequence data we use from the reference set 1.2 from BAIIBASE
v4.0.

Sequence Lengths

Name Seq. Identity | Seq. Count Median | Average | Range | Std. Dev.
BB40010.tfa 0.27 9 70 109 147 58.80
BB40014. tfa 0.27 9 507 44522 | 311 119.24
BB40018.tfa 0.19 9 124 34233 | 959 336.55
| Average | 0243 ] 9 | 233.67 | 29895 | 47233 | 17153 |
[ BB50004. tfa | 0.33 \ 9 | 415 ] 42956 [ 119 | 41.73 ]

Table A.11: Properties of the sequence data we use from the reference sets 4 and 5 from BAI-
iBASE v4.0.
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Name 1 2 3 4
laab_ 1 0.25 | 0.24 | 0.21
1j46_A | 0.25 1 0.24 | 0.28
1k99_A | 0.24 | 0.24 1 0.24
2lef_A 0.21 | 0.28 | 0.24 1

=W N

Table A.17: Identity matrix for the BB11001 dataset from the RV11 reference set of BAIIBASE.

Name 1 2 3 4 ) 6 7 8

labo_A 1 0.17 | 0.22 | 0.22 | 0.23 | 0.19 | 0.18 | 0.23
lyes.B | 0.17 1 0.2 | 0.13]0.18 | 0.19 | 0.22 | 0.16
1pht_ 0.22 | 0.2 1 0.21 {025 (019|022 0.2
lihv_A | 0.22 | 0.13 | 0.21 1 0.18 | 0.19 | 0.18 | 0.17
1bb9_ 0.23 | 0.18 | 0.25 | 0.18 1 0.23 1021 | 0.2
1hjd_ A | 0.19 | 0.19 | 0.19 | 0.19 | 0.23 1 0.22 | 0.19
lov3_A | 0.18 | 0.22 | 0.22 | 0.18 | 0.21 | 0.22 1 0.23
lue9 A | 0.23 | 0.16 | 0.2 | 0.17 | 0.2 | 0.19 | 0.23 1

QO | | U b= | W DN —

Table A.18: Identity matrix for the BB11002 dataset from the RV11 reference set of BAIIBASE.

Name 1 2 3 4
lad3_A 1 0.25 | 0.24 | 0.23
luzb_A | 0.25 1 0.24 | 0.25
leyy A | 0.24 | 0.24 1 0.23
1020_A | 0.23 | 0.25 | 0.23 1

=Wl N =

Table A.19: Identity matrix for the BB11003 dataset from the RV11 reference set of BAIIBASE.

Name 1 2 3 4 5
lidy_ 1 0.21 | 0.18 | 0.22 | 0.18
lhst_ A | 0.21 1 0.21 | 0.22 | 0.2
1tc3.C | 0.18 | 0.21 1 0.24 | 0.21
laoy_ 0.22 | 0.22 | 0.24 1 0.2
ljhg A | 0.18 | 0.2 | 0.21 | 0.2 1

Y | W DN~

Table A.20: Identity matrix for the BB11013 dataset from the RV11 reference set of BAIIBASE.

Name 1 2 3 4
1tvx_A 1 0.2 | 0.19 | 0.22
1prt_F 0.2 1 0.19 | 0.21
1sap- 0.19 | 0.19 1 0.18
1It5.D | 0.22 | 0.21 | 0.18 1

SN ECVIE N

Table A.21: Identity matrix for the BB11025 dataset from the RV11 reference set of BAIiBASE.
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Name 1 2 3 4
lvve_ 1 0.3 | 0.22 | 0.27
1ghq B 0.3 1 0.23 | 0.28
1ckl_A 0.22 | 0.23 1 0.28
Inwv_A | 0.27 | 0.28 | 0.28 1

= WD =

Table A.22: Identity matrix for the BB12020 dataset from the RV12 reference set of BAIiIBASE.

Name 1 2 3 4
1| 1led_ 1 0.31 | 0.29 | 0.31
2 | 1lte 0.31 1 0.32 | 0.31
3 | lavb_A 0.29 | 0.32 1 0.27
4 | LECN_PEA | 0.31 | 0.31 | 0.27 1

Table A.23: Identity matrix for the BB12024 dataset from the RV12 reference set of BAIIBASE.

Name 1 2 3 4 5 6 7

1zip_ 1 0.32 |1 029 | 0.3 | 0.26 | 0.27 | 0.26
2ak2_ 0.32 1 0.33 | 0.3 | 0.27 | 0.28 | 0.29
2ak3_A | 0.29 | 0.33 1 0.28 | 0.26 | 0.25 | 0.26
lzak A | 0.3 0.3 | 0.28 1 0.26 | 0.31 | 0.29
1qf9_A | 0.26 | 0.27 | 0.26 | 0.26 1 0.35 | 0.41
3adk_ 0.27 | 0.28 | 0.25 | 0.31 | 0.35 1 0.37
luky_ 0.26 | 0.29 | 0.26 | 0.29 | 0.41 | 0.37 1

| O O = | W N[ —

Table A.24: Identity matrix for the BB12036 dataset from the RV12 reference set of BAIIBASE.

Name 1 2 3 4 5
1hrb_ 1 0.3 | 0.27 | 0.26 | 0.23
HEML_NAEFO | 0.3 1 0.25 | 0.27 | 0.24
HEMT_METJA | 0.27 | 0.25 1 0.29 | 0.23
HEMT_CLOAB | 0.26 | 0.27 | 0.29 1 0.24
HEMT_PSEAE | 0.23 | 0.24 | 0.23 | 0.24 1

Y | W N~

Table A.25: Identity matrix for the BB12040 dataset from the RV12 reference set of BAIIBASE.

Name 1 2 3 4 5 6 7 8 9
lesp 1 047 | 044 | 0.18 | 0.37 | 0.18 | 0.38 | 0.3 0.2
1mef 0.47 1 0.46 | 0.19 | 043 | 0.2 | 0.37 | 0.37 | 0.2

CSPA_BORPE | 0.44 | 0.46 1 0.17 1 031 | 0.18 | 0.3 | 0.27 | 0.2
GRP2_NICSY | 0.18 | 0.19 | 0.17 1 0.2 | 055 ] 0.15 | 0.16 | 0.17
CSPA_ RHIME | 0.37 | 0.43 | 0.31 | 0.2 1 0.21 | 0.43 | 0.29 | 0.19
GR2B_ARATH | 0.18 | 0.2 | 0.18 | 0.55 | 0.21 1 0.16 | 0.18 | 0.18
CSPA_RICCN | 0.38 | 0.37 | 0.3 | 0.15 | 0.43 | 0.16 1 0.28 | 0.19
CSPH_ECOLI 0.3 | 037|027 ]0.16 | 029 | 0.18 | 0.28 1 0.19
PIPI.HUMAN 02 1] 02| 02 ]017 019 | 0.18 | 0.19 | 0.19 1

O 00| | O U x| W DN —

Table A.26: Identity matrix for the BB40010 dataset from the RV40 reference set of BAIIBASE.
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Name 1 2 3 4 5 6 7 8 9

1bgb_A 1 0.44 | 0.38 | 0.28 | 0.31 | 0.27 | 0.22 | 0.21 | 0.23
SEPA_STAEP 0.44 1 0.29 | 0.33 | 0.26 | 0.22 | 0.26 | 0.24 | 0.27
lesp- 0.38 | 0.29 1 04 | 03 | 029 | 0.23 | 0.23 | 0.26

NPRS_BACST | 0.28 | 0.33 | 0.4 1 0.26 | 0.23 | 0.26 | 0.25 | 0.28
PRT1_ERWCA | 0.31 | 0.26 | 0.3 | 0.26 1 0.26 | 0.22 | 0.22 | 0.23
lezm_ 0.27 | 0.22 | 0.29 | 0.23 | 0.26 1 0.29 | 0.32 | 0.21
PROA_LEGLO | 0.22 | 0.26 | 0.23 | 0.26 | 0.22 | 0.29 1 0.3 | 0.25
HAPT_VIBCH | 0.21 | 0.24 | 0.23 | 0.25 | 0.22 | 0.32 | 0.3 1 0.25
PRZN_RENSA | 0.23 | 0.27 | 0.26 | 0.28 | 0.23 | 0.21 | 0.25 | 0.25 1

O 00| || T =W N~

Table A.27: Identity matrix for the BB40014 dataset from the RV40 reference set of BAIIBASE.

Name 1 2 3 4 5 6 7 8 9
1 | 1fmb_ 1 0.28 1009|031 03 |0.17 ] 0.26 | 0.1 | 0.18
2 | Tupj B 0.28 1 0.08 | 0.27 | 0.31 | 0.17 | 0.26 | 0.1 | 0.17
3 | POL_HV2D2 0.09 | 0.08 1 0.09 | 0.1 | 0.17 | 0.09 | 0.22 | 0.18
4 | 1b11_A 0.31 | 0.27 | 0.09 1 0.27 | 0.17 | 0.25 | 0.1 | 0.17
5 | 1bai_A 0.3 | 031 0.1 | 0.27 1 0.2 | 026|012 | 0.2
6 | VPRT_JSRV 0.17 | 0.17 | 0.17 | 0.17 | 0.2 1 0.19 | 0.21 | 0.37
7 | Inso_A 0.26 | 0.26 | 0.09 | 0.25 | 0.26 | 0.19 1 0.11 | 0.21
8 | GAG_IPMA 0.1 0.1 | 022 01 |0.12 ] 0.21 | 0.11 1 0.21
9 | VPRT_SMRVH | 0.18 | 0.17 | 0.18 | 0.17 | 0.2 | 0.37 | 0.21 | 0.21 1

Table A.28: Identity matrix for the BB40018 dataset from the RV40 reference set of BAIIBASE.

Name 1 2 3 4 5 6 7 8 9

lgpg- 1 037048 | 04 | 033 ] 032|035 | 03 | 0.29
13pk_A 0.37 1 0.37 | 0.39 | 0.39 | 0.6 | 0.34 | 0.28 | 0.29
11tk_A 0.48 | 0.37 1 0.38 1032|032 |031| 03 | 0.27
1php_ 0.4 | 039 | 0.38 1 0.33 |1 0.35 | 0.37 | 0.31 | 0.29
P25055 0.33 | 0.39 | 0.32 | 0.33 1 0.46 | 0.29 | 0.26 | 0.26
P08891 032 | 06 | 0.32 | 0.35 | 0.46 1 0.29 | 0.26 | 0.28
Q8XD03 | 0.35 | 0.34 | 0.31 | 0.37 | 0.29 | 0.29 1 0.3 | 0.3
QIPQL2 | 0.3 | 0.28 | 0.3 | 0.31 | 0.26 | 0.26 | 0.3 1 0.28
Q97BC6 | 0.29 | 0.29 | 0.27 | 0.29 | 0.26 | 0.28 | 0.3 | 0.28 1

O 00 | O U x| W| DN =

Table A.29: Identity matrix for the BB50004 dataset from the RV40 reference set of BAIIBASE.
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Length 2 3 4 5 6 7 8 9
max 90 | 720 | 5040 | 30240 | 151200 | 604800 | 1814400 | 3628800

g A 86 | 284 | 465 545 534 465 374 284

e | MC 88 | 296 | 489 557 565 483 391 284

g TD 89 | 294 | 459 538 496 431 349 254

ol & LA 90 | 583 | 1396 | 2014 2356 2591 2764 2864
§ = | MC 89 | 344 | 756 | 1180 1532 1871 2200 2429
2|1 [TD 90 | 552 | 1541 | 2763 3463 3851 4069 4197
© B RF. +B. | 90 | 713 | 2939 | 4500 4863 4958 4989 4994
= | RF 90 | 711 | 916 | 4466 4881 4967 4988 4995
A~ | A2C 90 | 714 | 2890 | 4433 4877 4959 4993 4997
UucCT 90 | 467 | 851 | 1176 1406 1567 1781 1889

g A 86 | 259 | 440 523 570 592 541 358

e | MC 88 | 275 | 453 607 655 614 525 371

53 TD 90 | 258 | 423 564 618 607 526 378

o| 4 A 89 | 396 | 765 | 1089 1365 1610 1782 1896
S| = | MC 89 | 438 | 783 | 1079 1300 1515 1675 1794
Q? C [ TD 90 | 416 | 762 | 1070 1300 1497 1676 1792
n B RE. + B. | 90 | 715 | 2776 | 4361 4831 4954 4985 4988
= | RF 90 | 713 | 2905 | 4475 4868 4965 4987 4993
&~ | A2C 90 | 710 | 2888 | 4471 4881 4962 4985 4992
UCT 90 | 417 | 853 | 1190 1411 1586 1799 1905

Table A.32: Number of alignments computed on the hepatitis C virus dataset from [12].
amounts are distinguished into the number of sequences aligned.

C-score SP-score

Length 2 [ 3 4 || 23] 4

max 20 | 60 | 120 || 20 | 60 | 120
<X 20 [ 55 | 81 |[ 20 | 58 | &9
& [MC 20 | 55 | 88 |[ 20 | 55 | &3
<[ 20 | 55 | 81 || 20 | 58 | 79
S A 20 | 58 | 104 |[ 20 | 59 | 105
& [MC 20 | 53 | 79 || 20 | 50 | 107
S [TD 20 | 55 | 99 || 20 | 58 | 111
- | RE. +B. | 20 | 60 | 120 [[ 20 [ 60 | 119
= [RF. 20 | 60 | 120 |[ 20 | 60 | 120
& [A2C 20 | 60 | 120 |[ 20 | 60 | 120

UCT 20 | 60 | 119 || 20 | 60 | 116

The

Table A.33: Number of alignments computed on the papio anubis dataset from [12]. The amounts
are distinguished into the number of sequences aligned.
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