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Abstract

Multiple sequence alignment is a central problem in Bioinformatics and a challenging
one for optimisation algorithms. An established integer programming approach is to apply
branch-and-cut to a graph-theoretical model. The models are exponentially large but are
represented intensionally, and violated constraints can be located in polynomial time. This
report describes a new integer program formulation that generates polynomial-sized models
small enough to be passed to generic solvers. It is a hybrid formulation relating the sparse
alignment graph with a compact encoding of the alignment matrix via channelling constraints.
Alignments obtained with a pseudo-Boolean local search algorithm are competitive with those
of state-of-the-art algorithms. Execution times are much longer, but in future work we aim to
develop a more efficient specialised algorithm.

1 Introduction

Multiple sequence alignment (MSA) is a central problem in Bioinformatics and is known to be
NP-complete [15]. Given a number of sequences of symbols from an alphabet, the aim is to
align them while maximizing some function. Gaps may be introduced between symbols, and in
some MSA formulations the objective function includes a measure of the number and length of
gaps. A common data structure is the alignment matrix which contains one sequence per row,
including gaps; aligned symbols occur in the same column.

Numerous heuristic methods have been proposed for multiple alignment, of which by far
the most widely used is so-called progressive alignment. This involves clustering the sequences
first to give a guide tree and then building up the alignment gradually, following the branching
order in the guide tree. This is very fast even for hundreds of sequences, and the most widely
used software is the well-known ClustalW package [28]. The T-Coffee package [20] also uses a
progressive heuristic but has been shown to be more accurate than ClustalW, at the expense of
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Figure 1: An alignment graph with small cycles

extra computing time. There are also several methods based on optimising the WSP (weighted
sums of pairs) objective function which use Genetic Algorithms [19] or iteration [11]. These
vary in the extent to which they are practical for more than a few sequences or in the quality of
the optimisation.

Dynamic programming [18] has been used for MSA problems but is known to scale poorly to
more than a few sequences. More successful is the Complete Maximum Weight Trace (CMWT)
formulation in which the symbols are viewed as vertices in an alignment graph G = (V, E)
(actually an extended graph that includes edges between adjacent symbols in each sequence).
Each vertex is a position ¢ in sequence j, which we shall denote by (4, 7). Each edge connects two
vertices from different sequences: we shall denote an edge e € E between (i,5) and (i’, j') by
e =((1,7), (#',5")) where j < j' by convention. Each edge e € E has a weight w, representing
the usefulness of aligning its two symbols. An alignment realises an edge if it aligns its two
symbols, and the aim is to maximize the sum of the weights of the realised edges. The set of
realised edges is a trace if certain constraints are satisfied, and an alignment matrix can always be
constructed from a trace. The CMWT generates large models which can be reduced by using the
Sparse Maximum Weight Trace (MWT) formulation. This restricts attention to a carefully chosen
subgraph, defining only those edges that are used in pairwise alignments of high quality. Besides
reducing the size of the models, the MWT provides an opportunity to input biological knowledge
via the choice of subgraph. The usual way of ensuring that the realised edges form a valid trace
is to enumerate all critical mixed cycles in the graph, adding a constraint to prohibit each cycle
[1, 16, 24] (other constraints may also be added). Figure 1 shows examples of cycles that prevent
the trace from representing a alignment matrix. The MWT and related formulations have natural
integer linear program (ILP) models. The number of constraints is exponential in the size | E| of
the graph [1] but these are not passed en masse to a solver. Instead a branch-and-cut approach
is used, generating violated constraints as required in order to derive cutting planes. Generating
the relevant constraints is known as the separation problem and can be done in polynomial time.

In this report we explore an alternative ILP approach to the MSA. Instead of accessing an
exponentially large model in polynomial time, we use a model that is only polynomial in size
and can be passed to a generic ILP solver. To avoid the use of cycle constraints we model the
alignment matrix directly, and relate it to the sparse alignment graph by channelling constraints
[5]. The Constraint Programming literature contains many examples of problems in which extra
variables are introduced to facilitate the expression of certain constraints, which must be related
to the original variables via channelling constraints. The motivation is that some constraints



can be more easily or economically expressed on different sets of variables. Introducing extra
variables is not necessarily counter-productive, and hybrid models sometimes give better results
than those with fewer variables. Given such a model, we then face the choice of how to find
solutions. Instead of applying branch-and-cut we transform the model to pseudo-Boolean form
and pass it to a local search algorithm, an approach that has given good results on a variety of
combinatorial problems. We also exploit modelling techniques aimed specifically at local search.

The report is organised as follows. Section 2 describes the model, Section 3 describes the
techniques used to solve the problem, Section 4 evaluates the usefulness of the model on exam-
ples, and Section 5 draws conclusions and discusses future work. A condensed version of this
report in published in [23].

2 A hybrid ILP mode

This section describes the new ILP model of the MSA, drawing on techniques from the Con-
straint, Satisfiability and Integer Programming literatures. Section 2.1 describes an initial model,
Section 2.2 discusses symmetry breaking, Section 2.3 adds implied constraints to improve con-
straint propagation, and Section 2.4 discusses properties of the model.

2.1 Initial model
As in the MWT define a binary variable v, for each edge e € E. The problem is then:

maximize Z We Ve
ecE

subject to constraints ensuring the construction of an alignment matrix. The matrix has n rows
(one per sequence) and ¢ columns where ¢ > max;(l;) and [; is the length of sequence j. We
allow each sequence position to be placed anywhere in the corresponding row of the matrix,
subject to constraints. A matrix entry with no sequence position placed in it implicitly contains
a gap. The symbols are not explicitly modelled, only the way in which sequence positions are
mapped to matrix columns: define an integer variable p;; with domain {1,...,c} for each se-
quence position (i, j) denoting its matrix position (p;;, j). We need only define p;; for sequence
positions that lie on an edge of the sparse alignment graph, but we shall assume that they all do.

We require a 0/1 ILP model so we next replace the p;; by 0/1 variables. To enable the mod-
elling of long sequences we use a log encoding by modelling binary representations of the p;;.
Several researchers have used log encodings to model constraint satisfaction problems (CSPs) as
SAT (propositional satisfiability) and found that both local and backtrack search performance is
usually worse than on other encodings [8, 9, 12], and [30] has shown that propagation is weaker
on log encodings. Nevertheless, this type of model seems worth trying because of its compact-
ness. Let b = [log, c] so that the ¢ matrix columns can be represented using b bits. Define 0/1
variables p;;r where 1 < j <n,1<i<[;and1 < k < b, such that

b
pij =1+ Z 2" 1 pijn
k=1

That is p;jx is the k*P bit of the binary representation of p;; — 1.



The initial model has two sets of constraints, expressed in 0/1 form by substituting the above
formula for p;;. To ensure that sequence positions are placed in the alignment matrix in an
ordered way, add ordering constraints

Pij — Pi-1,5 > 1
where1 < j <nand1 <14 <. To relate the p;; and v, variables add channelling constraints
Ve =1 — Dij = Pirj

where e = ((4,4), (i',j')) € E. Each channelling constraint can be implemented by two linear
constraints
Dij — Pirjr +cve < ¢ Pirjr — Pij +cve <c

That is, if v, = 1 then p;; is both < and > the sum of p; ;. If v, = 0 then both constraints are
trivially true. Note that the channelling constraints only work one way, so that p;; = p;; /4
v, = 1. The reason is discussed in Section 2.2.

2.2 Symmetry breaking

Many combinatorial problems exhibit symmetries, for example the N-queens problem has eight:
each solution may be rotated and reflected. Removing symmetries from a problem can reduce its
search space by a large factor, greatly reducing the time to find a solution and to prove it optimal.
Probably the most popular approach is to add constraints to the model, so that each equivalence
class of symmetric solutions to the original problem corresponds to a single solution in the new
problem.

An obvious symmetry in our model involves gaps in the alignment matrix. Any MSA solution
may have many symmetric solutions in which gaps are inserted between columns. These can be
avoided by adding constraints to restrict the width of the alignment matrix. A less obvious form
of symmetry involves the relationship between the p;;; and v, variables. An assignment v, = 1
implies that the sequence positions connected by edge e are aligned in the matrix, but the reverse
is not true: v, = 0 does not imply that the two sequence positions connected by e are unaligned.
Thus any solution in which two symbols on an edge e are unaligned has two symmetric solutions:
with v, = 1 and v, = 0 (unless the latter case would cause the total weight to be less than a lower
bound). This symmetry can be removed by adding constraints to enforce the reverse implication,
though this probably requires either a large number of linear constraints or the introduction of
further variables.

However, recent work [21] has shown that adding symmetry breaking constraints to a model
is often counter-productive when a local search algorithm is to be applied. For local search
performance the size of the search space appears to be less important than the number and dis-
tribution of solutions in the space, and symmetry appears to be harmless. We therefore do not
break symmetries in our model.

2.3 Implied constraints

The initial model ensures a correct alignment, but it can be improved by adding implied con-
straints — constraints that are implied by others already in the model. These have been shown
to speed up both backtracking [27] and local search [4, 14, 21].



2.3.1 Stronger ordering constraints
A larger set of ordering constraints can replace those of the initial model:

b
Z 2" (pijk — pirj) > i — i’
k=1

where1 < j <nand1 <3 <4 <I;. Similar constraints were found to improve local search
performance on SAT-encoded clique problems [21], and they also help on this model.

2.3.2 Stronger channelling constraints

The channelling constraints can also be strengthened. Every integer has a unique binary repre-
sentation, so p;; = pyj if and only if p;jr = pir i where 1 < k < b. Therefore the following
constraints can be used:

DPijk — Pirjrk +0e <1 Dirjrk — Dijk + Ve <1

where 1 < k < band e = ((¢,5),(¢',5')) € E. Given an assignment v, = 1 a constraint
propagation algorithm can then remove a value from the domain of any bit p;;x [pijx] for
which the corresponding bit p; & [ps;x] is currently assigned. Under the weaker channelling
constraints, domain values can only be pruned on the larger p;;, [ps ;1] when several of the
pijk [Pijr] have been assigned.

2.3.3 Podtioning constraints

We can restrict the range of each p;; by adding constraints
isz’j Si‘}‘c—l]‘

for1 < j <nand1l <4 <I;. Inany correct alignment the p;; will always lie within these
ranges. In tests these constraints made little difference, perhaps because the stronger ordering
constraints provide similar information.

2.3.4 Small cycle constraints

Though the MWT constraints are unnecessary in our model, we can use some of them as im-
plied constraints. For example to prevent cycles involving 2 sequences we could add SAT-style
constraints to enumerate pairs of crossing edges:

I—ve)+(1—we)>1

where e = ((4,5), (i',5")) € E, e = ((k,j), (k',j")) € E,andeitheri < kandi' > k' ori > k
and ' < k'. ILP allows a more compact representation:

|Ce|ve S Z Ve!
e'eCe

where e € E and C, is the set of edges crossing e (as defined above). These constraints were
also found to have little effect.



2.3.5 Trangitivity constraints

In [1] transitivity constraints are used, based on the observation that if symbols A and B are
aligned in the matrix, and if B and C are aligned, then so are A and C. It therefore seems reason-
able to add transitivity constraints to our model:

Ve + Ver <1+ ven Ve + Ve <140 Vet +Verr <140,

where e = ((i,5),(i",5')) € E, e = ((',4'), (i",5")) € Eand e" = ((i, ), (i",5")) € E.
However, in our model transitivity on the v, is not implied because of the one-way nature of the
channelling constraints: the assignment v, = 1 forces the symbols on edge e to be aligned but
ve = 0 does not force them to be unaligned.

Thus the transitivity constraints are symmetry breaking constraints in our model, not implied
constraints. The distinction is unimportant if backtracking is to be applied because both types of
constraint are usually beneficial. But if local search is to be applied then the former are probably
harmful and the latter beneficial. Interestingly, the following theorem holds.

Theorem. In an optimal solution the transitivity constraints on the v, are implied.

Proof. Suppose that in an optimal solution v, = ver = 1 where symbols A and B occur on edge
e and symbols B and C on edge e’. Then we know that the pairs A,B and B,C are aligned in the
matrix, and therefore so are A,C. This means that v, can be set to either 0 or 1, where A and C
are on edge e”. If ve» = 0 the solution is less than optimal, contradicting the initial assumption.
Hence v, = 1 and transitivity holds on the v.. QED.

Such constraints could be called optimality-implied and to our knowledge they have not been
described previously. As optimality is approached they undergo a transition from being sym-
metry breaking constraints to implied constraints, so for local search we might expect them to
switch from being harmful to helpful. This would be an interesting result, analogous to the fact
that different models can be best for finding an optimal solution and for proving it optimal by
backtrack search [26]. In experiments they seemed to be harmful but less so as alignment weight
increased, and we do not use them in the model.

2.4 Discussion of the model

We call this the Sparse Graph Log Matrix (SGLM) model, indicating its combination of the
sparse alignment graph with a log encoding of the alignment matrix. It contains only the stronger
ordering and channelling constraints from Section 2.3. Both the SGLM and the MWT have
O(|E|) = O(n*m) variables v.; the SGLM has in addition O(nm logm) variables p;;; which
is not prohibitive. A motivation for the SGLM was to avoid the exponential number of con-
straints in the MWT so we analyse its space complexity. It has O(nm?) ordering constraints
and O(|E|logw) channelling constraints, where w is the matrix width, n is the number of se-
quences and m is the sequence length (we assume that the sequences are of similar length).
In practice |E| = O(n?m) [24] and w = km for some constant £ > 1, so the model has
O(nm(m + nlogm)) constraints. Perhaps a better measure of model size is the total number of
literals, that is ), o; where i ranges over the set of constraints and o; is the number of literals in
constraint i. The SGLM has O(nm?) ordering constraints of size O(logm) and O(n?m logm)
channelling constraints of size 3, giving a total model size of O(nm(n + m) logm). Typically
m > n so this reduces to O(nm? logm) literals.



Even if the transitivity and 2-cycle constraints were found to be useful, they greatly increase
the model size and are best avoided: there are O(|E|?) = O(nSm?) transitivity constraints,
and though there are only O(nm?) 2-cycle constraints they are of size O(m?), so they contain
O(nm*) literals. 1t is fortunate that these constraints seem to contribute little to local search
performance. However, the stronger ordering and channelling constraints do greatly improve
performance, so we use them even though they increase the model size: the initial model with
weaker ordering and channelling constraints has only O(n%m logm) literals.

3 Solving the optimisation problem

We reduce an MSA optimisation problem to a series of CSPs, each with a cost constraint

Zweve >W

eElE

for some integer lower bound W. The CSPs have increasing values of W, each being the weight
of the previous solution, and the initial value of W is set to 0. We now describe the algorithm
used to solve each CSP.

3.1 Pseudo-Boolean local search

E W;V; ~ d
%

where ~ is one of the operators {<, >, <, >, =}, the weights w; and the constant d are (possibly
negative) integers, and the variables v; have domain {0, 1}. Other integer values can be permitted
for the v; but such problems can always be transformed into 0/1 form. 0/1 ILP models can in turn
be transformed into linear pseudo-Boolean form, involving only positive d and w;, and literals [
which are either variables v or their negations v = 1 —w. The interest of this form is that it is only
a slight extension of SAT, and many SAT algorithms generalise easily to it. This makes sense
when trying to solve problems with a strong logical content, which are sometimes better solved
by SAT approaches than by cost-based methods. The well-known Davis-Logemann-Loveland-
Putnam SAT backtracking algorithm [6] was extended to pseudo-Boolean problems in [2, 3] and
applied to integer programming benchmarks and randomly-generated problems. The Walksat
local search algorithm for SAT [25] was generalised in [29] to WSAT(OIP) and applied to radar
surveillance benchmarks and the Progressive Party problem. The Saturn hybrid local search
algorithm was generalised in [22] and applied to hardware verification, block design and a sports
scheduling problem. In each case good results were obtained.

We apply Saturn to the SGLM. Saturn performs local search in a space of partial variable
assignments that are consistent under constraint propagation. On SAT problems the propagation
algorithm used is unit propagation which generalises naturally to pseudo-Boolean problems (see
[2, 3, 22] for details). The aim is to combine the scalability of local search with the pruning
ability of constraint-based algorithms. Like most local search algorithms, Saturn has a runtime
noise parameter that must be tuned to each problem or problem class. For this work we modified
Saturn slightly. Each CSP can in principle be solved independently; instead we use each solution
as a starting point for the next CSP, by assigning as many variables as possible under a random
variable ordering, without violating any constraints. This technique was not previously used

ILP contain constraints of the form



with Saturn but greatly speeds up convergence on MSA instances. Best results were obtained by
executing Saturn in a rapid-restart mode with variable noise. On failing to find a solution of a
given weight within a short time, it is restarted from the previous solution with slightly higher
noise. On finding a solution the noise is reduced again. This strategy allows Saturn to make many
small improvements in a short time, and on becoming trapped in a local minimum it increases its
noise in order to escape.

3.2 Post-processing the matrix

On solving the optimisation problem an alignment matrix is constructed, then post-processed by
applying simple hill-climbing and plateau traversal techniques. This improves the matrix weight
significantly and is done in three phases:

e Randomly-chosen symbols are moved randomly one position to the left or right, where
this is possible and does not decrease the score of the matrix; score is defined here as a
lexicographical ordering on total weight then number of non-weighted symbol matches.

e Symbols are moved randomly one position to the left as many times as possible, where
this does not decrease the score.

o If two adjacent columns ¢ and ¢ + 1 contain no symbols in the same row then the two
columns can be merged by shifting the rightmost symbols one place to the left (this in-
cludes the case of an empty column ¢). This phase eliminates unnecessary gaps in the
matrix without decreasing the weight, and possibly increasing it.

If Saturn fails to solve a CSP in the allotted time, it is restarted from the best solution so far, after
feeding back the matrix improvements into the solution.

4 Experiments

We take MSA instances from the HOMSTRAD [17] database of protein alignments. These are
generated by considering the three-dimensional structure of sets of proteins and provide very ac-
curate test cases. We measure the accuracy of our alignments by simply counting the percentage
of columns in our alignment matrix that are identical with the test cases. For each test case we
generate the sparse alignment graph using T-Coffee with default settings. This takes every pair
of sequences and outputs weighted pairs of symbols. These are produced by aligning each pair
of sequences using dynamic programming and recording all of the pairs of aligned symbols. The
weights are simply the percent identity of the parent sequences for each pair.

We first applied Saturn to four fairly small problems: ChtBD is a family of chitin binding
domains which are structural proteins in plant cells, hla consists of a group of histocompatibility
proteins involved in the immune system, TIG contains a group of glucanotransferases which are
involved in metabolism, and ch is a family of calponin homology domain proteins which are
involved in actin binding in the cell. These have between 4 and 6 similar sequences of between
43 and 178 residues, apart from ch which has 4 very dissimilar sequences. In each case Saturn
finds the same solutions as ClustalW and T-Coffee in a few minutes, except for ch where it finds
a less optimal solution: only 57.9% correct, while ClustalW'’s solution is 61.7% correct.

Next we consider two larger problems, starting with the mmp problem, a family of matrix
metalloproteineases which are important proteins in the cytoskeleton of the cell. This has 6 se-
quences, 55% identical to each other, and an average length of 164 residues. The SGLM model



has 6723 v, variables, 7872 p;;; variables, 80311 ordering constraints and 107569 channelling
constraints. The alignment found by Saturn is shown in Figure 2. It is 95.5% correct, equalling
that found by T-Coffee, while ClustalW’s alignment is 92.4% correct. Secondly we take the oxi-
dored_g6 problem, a family of NADH ubiquinone oxidoreductases which are enzymatic proteins
involved in the Citric Acid Cycle in the cell. This has 5 sequences, 57% identical to each other,
and an average length of 265 residues. The SGLM model has 4563 v, variables, 11934 p;
variables, 175237 ordering constraints and 82135 channelling constraints. The alignment found
by Saturn is shown in Figure 3. It is 98.7% correct, ClustalW’s is 97.3%, and T-Coffee’s 95.5%.
Thus on these problems the pseudo-Boolean approach is competitive with ClustalW and T-Coffee
in terms of solution quality. It is far slower, taking tens of minutes as opposed to seconds or less,
but these are promising first results.

To confirm empirically that SGLM models are significantly smaller than MWT models, we
generated constraints required to prevent critical mixed cycles involving exactly 3 edges. On the
mmp problem there are a quarter of a billion such constraints, so the MWT has at least several
hundred times more constraints than the SGLM.

5 Conclusion

The multiple sequence alignment problem is interesting from a constraint modelling point of
view. The first aim of this work was to obtain a much smaller ILP model than previously de-
scribed, which could potentially be passed to any ILP solver. This was done by avoiding the usual
graph-theoretical formulation, instead using channelling constraints to link the sparse alignment
graph with a log encoding of the alignment matrix. We showed theoretically and empirically
that the models are much smaller than those obtained by previous ILP formulations designed for
branch-and-cut. A variety of possible implied and symmetry-breaking constraints can be used,
and we discovered a class of intermediate constraints whose status depends on closeness to op-
timality. Though these optimality-implied constraints turned out to be unhelpful, they may be
useful on other problems. The second aim of the work was to evaluate the usefulness of the
model by applying a search algorithm. We obtained promising results with a pseudo-Boolean
local search algorithm, in one case finding a better result than two state-of-the-art alignment
algorithms.

An advantage of the ILP approach is that it makes it relatively easy to add extra constraints
expressing special cases or domain knowledge. This allows quick experimentation with alterna-
tive weight functions, or the enforcement of desirable alignments. However, it is not competitive
with standard alignment software in terms of execution time, though it may be useful on patho-
logical instances that mislead standard heuristics. It is also unlikely to scale up to truly large
problems involving hundreds of sequences with thousands of symbols, which specialised algo-
rithms are able to solve. To address these problems we are exploring two directions for future
research. Firstly, the local search algorithm could be specialised to sequence alignment. A simi-
lar approach to graph colouring and block design gave more than 2 orders of magnitude speed-up,
could handle larger problems and gave better results. A specialised algorithm could also exploit
cost-based reasoning and would not need to resort to a log encoding. Secondly, the new model
could be abandoned, and instead the pseudo-Boolean search algorithm could be extended to han-
dle lifted models. These contain constraints expressed intensionally and generated as required,
as in branch-and-cut algorithms. The extended algorithm could then be applied to the usual
maximum weight trace model. Lifted constraint solvers have already been implemented [10, 13]
and extension to Pseudo-Boolean and lifted models are predicted as important near-term SAT



advances [7].
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------ GPKVWERTNLTYRI RNYTPQLSEAEVERAI KDAFELWSVASPLI FTA SQ- - - - -
——————— PRVWEQTHLTYRI ENYTPDLPRADVDHAI EKAFQLWSNVTPLTFTKVSE- - - - -
YSLFPNSPKWI'SKWWTYRI VSYTRDLPHI TVDRLVSKALNMAGKE! PLHFRKVWW - - - -
FRTFPG PKWRKTHLTYRI VNYTPDL PKDAVDSAVEKALKVWEEVTPLTFSRLYE- - - - -
------ TLKWSKMNLTYRI VNYTPDMIHSEVEKAFKKAFKVWSDVTPLNFTRLHD- - - - -
- - - - | QGLKWOHNEI TFCl QNYTPKVGEYATYEAI RKAFRVESATPLRFREVPYAYI RE

G - - EADI NI AFYQRDHGDGSPFDGPNG LAHAFQPGQG GGDAHFDAEETWINTSA- - -
G - - QADI M SFVRGDHRDNSPFDGPGGNLAHAFQPGPG GGDAHFDEDERWINNFR- - -
G- - - TADI M GFARGAHGDSYPFDGPGNTLAHAFAPGT GL GGDAHFDEDERWI DGSS- L-
G - - EADI M SFAVREHGDFYPFDGPGNVLAHAYAPGPG NGDAHFDDDEQWKDTT- - -
G --1 ADI M SFG KEHGDFYPFDGPSGL L AHAFPPGPNYGGDAHFDDDETW SSSK- - -
GHEKQADI M FFAEGFHGDSTPFDGEGGFLAHAYFPGPNI GGDTHFDSAEPW VRNEDLN

NYNL FLVAAHEFGHSL GLAHSSDPGAL MYPNYAF- RETSNYSLPQDDI DG QAI YG- - - -
EYNLHRVAAHEL GHSLGLSHSTDI GALMYPSYTFSGD- - - VQLAQDDI DA QAl YGRS- -
G NFLYAATHEL GHSL GMGHSSDPNAVMYPTYGN- GDPQNFKLSQDDI K@ QKLYCK- - -
GTNLFLVAAHEI GHSLGLFHSANTEALMYPLYHSL TDL TRFRLSQDDI NG QSLYGPPPD
GYNLFLVAAHEFGHSL GL DHSKDPGAL MFPI YTY- TGKSHFMLPDDDVQAE QSLYGPG- -
GNDI FLVAVHEL GHAL GLEHSSDPSAI MAPFYQW NMDTENFVL PDDDRRG QQL YGGES-

Figure 2: Result for the mmp problem

- - - KHRPSVWWL.HNAECTGCTEAAI RTI KPYI DALI LDTI SLDYQETI MAAAGETSEAAL
- - - KKRPSVVYLHNAECTGCSESVLRTVDPYVDEL| LDVI SMDYHETLMAGAGHAVEEAL
- - - - SRPSVVYLHAAECTGCSEALLRTYQPFI DTLI LDTI SLDYHETI MAAAGEAAEEAL
LMGPRRPSVVYLHNAECTGCSESVLRAFEPYI DTLI LDTLSLDYHETI MAAAGDAAEAAL
- - - - KKAPVI WQGQGCTGCSVSLLNAVHPRI KEI LLDVI SLEFHPTVVASEGEVALAHM

HEALECGKDG- YYLVVEGGLPTI DGGONGWAG: - - - - - - HPM ETCKKAAAKAKG | CI G
HEAI KGD- - - FVCVI EGE PMGEDGGYWEKVGEG: - - - - - - RNMYDI CAEVAPKAKAVI Al G
QAAVNGPDG- FI CLVEGAI PTGVDNKYGYI AG- - - - - - - HTMYDI CKNI LPKAKAWSI G
EQAVNSPHG- FI AVWEGG PTAANG YGKVAN- - - - - - - HTMLDI CSRI LPKAQAVI AYG

YEI AEKFNGNFFLLVEGAI PTAKEGRYCl VGEAKAHHHEVTMVEL| RDLAPKSLATVAVG

TCSPYGGVQKAKPNPSQAKGVSEAL- - - G- - VKTI NI PGCPPNPI NFVGAVVHVLT- - - -
TCATYGGVQAAKPNPTGTVGVNEALGKLG- - VKAI NI AGCPPNPMNFVGTVWHLLT- - - -
TCACYGGE QAAKPNPTAAKG NDCYADLG - VKAI NVPGCPPNPLNWGTLVAFLK- - - -
TCATFGGVQAAKPNPTGAKGVNDALKHLG- - VKAI NI AGCPPNPYNLVGTI VYYLKN- - -
TCSAYGGE PAAEGNVTGSKSVRDFFADEKI EKL LVNVPGCPPHPDWWGT L VAAWSHVLN

K- - - G PDLDENGRPKL FYGEL VHDNCPRL PHFEASEFAPSFDSEEAKKGFCL YEL GCKG
K- - - GVPEL DKQGRPVMFFGETVHDNCPRL KHFEAGEFAT SFGSPEAKKGYCL YEL GCKG
G - - KI EL DEVGRPVMFFGQSVHDL CERRKHF DAGEFAPSFNSEEARKGWCL YDVGCKG
K- - - AAPEL DSLNRPTMFFGQT VHEQCPRL PHFDAGEFAPSFESEEARKGACL YEL GCKG
PTEHPL PEL DDDGRPLLFFGDNI HENCPYL DKYDNSEFAETFTK- - - - - PGCKAELGCKG

PVTYNNCPKVLFNQ- VNVWPVQAGHPCL GCSEPDFWDTMI PFYEQG
PDTYNNCPKQLFNQ- VNWPVQAGHPCI ACSEPNFWDL YSPFYSA-
PETYNNCPKVL FNE- TNWPVAAGHPCI GCSEPNFWDDMIPFYQN-
PVTMNNCPKI KFNQ- TNWPVDAGHPCI GCSEPDFWDAMIPFYQN-
PSTYADCAKRRWANG NWCVEN- AVCI GCVEPDFPDGKSPFYVAE

Figure 3: Result for the oxidored_g6 problem



